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Is income inequality positively associated with household debt? Previous scholarship
suggests that widening income inequality could stimulate household debt, particularly in
advanced economies. Furthermore, this potential link could be associated with negative
consequences including reduced GDP and secular stagnation, financial fragility and crisis, and
decreased capabilities, mobility, and well-being. Yet, until recently, this “income
inequality/household debt” link has been understudied.

The first chapter discusses two theoretical bases for the link and synthesizes the
burgeoning empirical research to identify gaps. Theoretically, income inequality could bolster
credit supply because marginal propensity to save increases with income. But income inequality
could also stimulate credit demand through the relative income hypothesis. Empirically, income
inequality is positively associated with rising debt-to-income ratios (DTI) in developed countries.
However, this empirical research generally lacks controls for an important omitted variable
(financial deregulation) and an alternative explanation (wealth effects). Moreover, few studies
explore changes in the intensive margin of household DTI, which has been the largest

contributor to rising overall DTI and is most likely linked to negative consequences.



The second chapter examines the relative impacts of various measures of state-level
income inequality, financial deregulation, and wealth effects on both the intensive margin and
overall DTT of United States households using household panel data from the Panel Study of
Income Dynamics (PSID). Results indicate that income inequality is significantly, positively
associated with household DTI, but only for the Gini coefficient and the top 10 percent income
share. Yet for these measures, income inequality has the strongest and most significant impact on
the intensive margin of household DTI as compared to alternative explanations.

The third chapter explores a potential microfoundation for the income inequality/DTI
link: whether subjective well-being is associated with household DTI. A long literature notes
how income inequality and relative income preferences affect subjective well-being. If subjective
well-being also affects debt, it could function as a measure of credit demand. Again using data
from the PSID and a fixed effects method, results show that subjective well-being has a positive,
significant, contemporaneous association with household DTIs. Such a positive association could
indicate a “tunnel effect” -- that households with a positive, aspirational outlook take on
increasing amounts of debt. However, reverse causality is a potential issue, and additional
models designed to address reverse causality with a two-year lag do not find significant results,
perhaps due to data limitations for lag specifications.

The key finding of this dissertation is that income inequality is positively associated with
household DTI, and, in fact, contributes more to driving indebted households deeper into debt
than alternative explanations. Yet when viewed from the lens of subjective well-being, happier
households are more likely to take on additional debt. These findings suggest that, in the United
States, income inequality may lead some households to go deeper into debt as they ostensibly

chase the “American dream” and aspire to the same living standards as higher income earners.
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Introduction

Since the 1970s, income inequality and household debt have both increased
tremendously, particularly in the United States but also in other advanced economies (Bartscher
et al. 2020; Lebarz 2015). These parallel trends of increasing income inequality and household
debt caught the attention of scholars in the wake of the 2008 Financial Crisis and subsequent
Great Recession. Scholars presented the “inequality-debt-crisis™ hypothesis. This two-part
hypothesis contends that (1) income inequality resulted in rising household debt (defined here as
the “income inequality/household debt link), and then (2) the rise in household debt led to
financial fragility and the 2008 Financial Crisis and Great Recession (Rajan 2010; Reich 2010;
James K. Galbraith 2012; Kumhof, Ranciére, and Winant 2015; Stockhammer 2015). The
inequality-debt-crisis hypothesis was not novel. In fact, it was first suggested in the context of
the Great Depression (Fisher 1932; 1933; Eccles 1951; John Kenneth Galbraith 1954).

Post-2008, the vigorously renewed debate about the inequality-debt-crisis hypothesis was
so impactful that it caught the attention of the popular press and policymakers. Rajan (2010),
Reich (2010), and James K. Galbraith (2012) all received attention in the popular press. The
United States Financial Crisis Inquiry Commission, the entity established by Congress to identify
causes of the 2008 Financial Crisis, highlighted Rajan (2010) in one Commissioner’s dissenting
statement (The Financial Crisis Inquiry Commission 2011). In certain respects, the inequality-
debt-crisis hypothesis was in vogue.

The first part of the inequality-debt-crisis hypothesis, the income inequality/household
debt link, could also be associated with other negative effects in addition to financial crisis. For
example, the income inequality/household debt link might be associated with declining GDP

growth (Alesina and Rodrik 1994; Persson and Tabellini 1994; Panizza 2002; Dutt 2006;
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Easterly 2007; Mian, Sufi, and Verner 2017) or secular stagnation (Cynamon and Fazzari 2015;
Summers 2015; Cynamon and Fazzari 2016; Cair6 et al. 2018). Secular stagnation is the long-
term condition of negligible or low economic growth. Summers and other authors suggest that
the United States (and, more broadly, global) economy entered a period of secular stagnation in
the wake of the Great Recession. In addition, further research suggests that the
inequality/household debt link could drive business cycles (Iacoviello 2008; Cynamon and
Fazzari 2016; Mian and Sufi 2018), and, at the extreme, lead to a debt-driven liquidity trap
(Mian, Straub, and Sufi 2021). Thus, the income inequality/household debt link might precipitate
a financial crisis, make recovery more difficult, and generally influence growth and business
cycles.

At an individual level, the income inequality/household debt link could hinder
capabilities. Capabilities consist of a set of opportunities to choose and act, or phrased otherwise,
the alternative combination of functionings that are feasible for a person to achieve (Nussbaum
2011). According to Nussbaum, these opportunities include those created by the political, social,
and economic environment. Income and wealth can increase capabilities, and, conversely,
poverty can reduce capabilities.

Indeed, several core capabilities identified by Nussbaum, such as being able to hold
property (goods and land), shelter, health, and nourishment require financial means. Financial
means can be limited by rising debt burdens. Rising interest payments from increased household
debt effectively increases poverty and shrinks the middle class (Pressman and Scott 2009a;
2009b; Scott and Pressman 2013). Thus, the income inequality/household debt link could reduce

financial means and consequently limit capabilities. Such limitations can decrease individuals’



investment in their own futures (Graham 2016), lower life satisfaction (Chuluun and Graham
2016), and cause greater stress, worry, and financial trouble (Boushey and Weller 2008).

In addition, the income inequality/household debt link could weaken individuals’
economic mobility and overall well-being. Rising income inequality is linked theoretically and
empirically to decreased aspirations of low-socioeconomic status (“low-SES”) individuals. In
this scenario, income inequality could weaken low-SES individuals’ belief in socioeconomic
opportunity, thereby reducing behaviors related to economic success (Kearney and Levine 2016;
Genicot and Ray 2017; Browman et al. 2019). This psychological limitation of income
inequality, in addition to the financial limitation of increased debt, could exacerbate the negative,
individual level-effects mentioned previously (individuals’ investment in their futures, lower
life-satisfaction, greater stress, worry, and financial trouble).

Thus, the income inequality/household debt link potentially is associated with a range of
serious, negative consequences. At the aggregate level, these consequences include financial
fragility and crisis, reduced GDP and secular stagnation, more vicious business cycles, and
possibly liquidity traps. At the individual level, effects include limited capabilities, reduced
economic mobility, and lowered life satisfaction. These severe potential consequences
demonstrate that the existence of an income inequality/household debt link is an important topic
to explore.

However, scholars largely have neglected to test empirically the income
inequality/household debt link until very recently. Carr and Jayadev (2015) describe the income
inequality/household debt link as a “commonly held but empirically under-explored hypothesis.”
While research has established theoretical bases for the link, empirical examination has lagged.

For example, a recent literature review about the inequality-debt-crisis hypothesis noted only



four empirical studies addressing the inequality-debt link, with inconclusive results (Bazillier and
Héricourt 2017). An “inequality-debt-crisis” hypothesis is not supported without an “inequality-
debt” link. Similarly, one cannot associate the income inequality/household debt link with the
other above-mentioned aggregate and individual effects if the link lacks support in the first place.

Consequently, this dissertation explores the basic research question: Is income inequality
positively associated with household debt? As explained in the next chapter, by a variety of
measures, income inequality and household debt have both increased in advanced economies,
particularly in the United States. Moreover, a theoretical basis exists for this hypothesis. The
theory is based on widening income inequality boosting the supply of credit or stimulating
demand for credit. Furthermore, since Bazillier and Héricourt’s (2017) literature review,
empirical research has blossomed and provided additional support for the inequality/household
debt link. However, despite added support, gaps still exist as described below. In addressing
certain gaps, this dissertation hypothesizes that income inequality is positively associated with
household debt.

This dissertation is structured as follows. Chapter 1 explores the recent and rapidly
expanding literature about the income inequality/household debt link. After defining some basic
terms and providing some descriptive trends of income inequality and household debt (focusing
particularly on the United States as an example), I explore the theoretical bases for the income
inequality/household debt link. Then I review and synthesize the recent and rapidly expanding
empirical literature. The contribution of this chapter is to synthesize this literature in a manner
that focuses the income inequality/household debt hypothesis, assess evidence in support of the

hypothesis to date, and identify some gaps for future research.



Chapter 1 systematically identifies 34 studies that clarify and provide some support for
the income inequality/household debt link. A synthesis of these studies shows that income
inequality is significantly associated with household debt under certain circumstances — in
advanced economies and when household debt is measured by debt-to-income (DTI) ratios. This
association is usually positive, but a credit rationing effect could exist at the local level where
income inequality increases DTI for middle/upper income households but decreases DTI for
lower income households.

While this chapter provides empirical support for the income inequality/household DTI
link in advanced economies, three large gaps still exist in this context. First, most studies do not
control for financial deregulation, an important omitted variable that could be driving both
income inequality and household debt. If financial deregulation is not addressed, the income
inequality/household debt link could be an illusion, with financial deregulation being the real
driver of both variables. Second, many studies lack controls for wealth effects caused by rising
home prices. Wealth effects are a leading alternative explanation for rising household DTI.
Controlling for them (1) reduces variation in the dependent variable, household DTI, and
improves precision of coefficient estimates, and (2) allows for comparison of the relative
coefficient estimates for income inequality and wealth effect’s association with household DTI.

Third, few studies explore the intensive margin of DTI. The intensive margin looks
specifically at households with existing debt (as opposed to households with no debt) and
evaluates changes in how much debt these indebted households have (i.e., how deep are indebted
households in debt). The intensive margin contrasts with the extensive margin. The extensive
margin measures whether households have debt or not (a dummy variable measured as 0 or 1).

Focusing specifically on the intensive margin of DTI is important because the intensive margin



has been a larger contributor to rising overall DTIs than the extensive margin. Addressing these
gaps is necessary to provide accuracy, depth, and robustness to the income inequality/household
DTI link in advanced economies.

Chapter 2 contributes to the literature by investigating these gaps in the United States.
Using household data from the Panel Study of Income Dynamics, I use fixed effects regression
to compare the relative associations of various measures of state-level income inequality,
financial deregulation, and wealth effects on household DTI. By including income inequality,
financial deregulation, and wealth effects as independent variables in the same regression, the
methods allow for comparison of each variable’s association with panelists’ DTI.

Chapter 2 finds that income inequality is significantly, positively associated with
household DTI, but only for some measures of income inequality, in particular, the Gini
coefficient and the top 10 percent income share. Moreover, the coefficients for these measures
are stronger in magnitude for the intensive margin of household DTI than for overall household
DTI. Specifically, estimates for income inequality’s association with the intensive margin is of
larger magnitude and greater significance than comparative estimates for financial deregulation
or wealth effects.

While Chapter 2 directly investigates the income inequality/household DTTI link, Chapter
3 explores whether changes in subjective well-being are associated with household DTI.
Subjective well-being (or “happiness”) could motivate individuals to borrow, and thus functions
as a measure of credit demand. The association between subjective well-being and household
debt is largely unexplored. I hypothesize that subjective well-being is significantly associated
with household debt, either positively or negatively, as households seek to keep up with a

reference group out of envy (negative) or a belief that circumstances will improve (positive).



If subjective well-being is associated with household debt, then subjective well-being
could influence credit demand and thus household borrowing. A long literature also notes how
income inequality and relative income preferences affect subjective well-being. Given that
income inequality affects subjective well-being, and subjective well-being affects credit demand,
it is possible that in future research subjective well-being could be a specific channel to study the
effect of income inequality on credit demand.

I find that subjective well-being has a positive, significant, contemporaneous association
with household DTIs. The results suggest a tunnel effect — that people have a more positive
outlook on the future, have more agency and purpose, and are more likely to invest in
themselves. In fact, aspirational debts such as mortgages and student loans are the biggest
contributors to DTIs. Results from this chapter suggest that increased subjective well-being
could drive credit demand for such aspirational assets. However, reverse causality could be an
issue, and several models designed to address reverse causality all find that subjective well-being
does not have a significant association with household DTI. Nevertheless, these additional
models may only establish that the lag between SWB and DTI is short, as data available only
allowed a lag of two years. Chapter 3 opens a promising avenue of new research with many more
explorations necessary.

Taken together, these chapters enhance our understanding of the “understudied” income
inequality/household debt link. Chapter 1 clarifies that existing research most strongly supports
an association between income inequality and household DTI in advanced economies. Chapter 2
analyzes the robustness of the income inequality/household DTTI link in the United States by
using household panel data and state-level data to fill in major gaps that include controlling for

financial deregulation, wealth effects, and also exploring income inequality’s association with



the intensive margin. Chapter 3 explores whether subjective well-being is associated with
household DTI. Testing this link is a first step in examining whether subjective well-being could
play a role in income inequality’s possible effect on credit demand. Each chapter furthers
research into the income inequality/household debt link hypothesis and adds to knowledge on

this topic.



Chapter 1: Literature Review of the Relationship Between Income Inequality
and Household Debt

1.1 Introduction

This chapter focuses on previous research on the income inequality/household debt link.
Income inequality is the extent to which income is evenly distributed within a population
(“Introduction to Inequality” n.d.). Income inequality measures often take the form of an index,
ratio, or share. For example, the Gini index (also known as the Gini coefficient) measures the
distribution of income across a population on a scale of 0 to 1, with 0 representing perfect
equality and 1 representing perfect inequality. Examples of inequality ratios include the 90/10,
90/50, or 50/10 ratio. These statistics are decile ratios which measure the income ratio of,
respectively, the richest 10 percent and poorest 10 percent, the richest 10 percent and the 50
percentile, or the 50" percentile and the poorest 10 percent. Finally, income shares measure the
share of total income that goes to income earners at a certain percentile of the income
distribution. For example, the top 1 percent income share measures the share of total income that
goes to the top 1 percent of income earners. Top income shares have received much attention
over the past decade-plus due to rising top income shares driving income inequality in advanced
economies, particularly the United States (e.g. Atkinson, Piketty, and Saez 2011). The Gini index
is also one of the most common income inequality measures (e.g. Milanovic 2005).

Household debt is defined as all liabilities that require payments of interest or principal
by households to creditors at fixed dates in the future (“Household Accounts - Household Debt -
OECD Data” n.d.). Debt is the total amount of all of these liabilities, distinguished from the
periodic payment amount made by households to repay debts. Larger debt, of course, requires

larger periodic payments or repayment for a longer period.



Household debt is commonly measured four ways. The first measure is simply the total
amount of debt a household has at a given time. Second, the debt-to-income ratio (“DTI”) is the
ratio of a household’s debt to the household’s annual income. Third, the extensive margin of debt
(“extensive margin’’) measures whether households have debt or not, and it takes the form of a
binary variable (0 or 1). Finally, for households that already have debt, the intensive margin of
debt (“intensive margin’’) measures changes in their debt levels, i.e., how much debt existing
debtors have. The intensive margin can measure changes in debtors’ amount of debt or DTI.
Theory suggests that rising DTIs are most likely associated with negative consequences, such as
financial fragility and crisis (Bazillier, Héricourt, and Ligonnicre 2021). However, each of these
measures are potentially interesting for the income inequality/household debt link.

A fifth measure, the ratio of debt payment obligations to income, is also a potentially
interesting but underutilized measure. This measure, also known as a payment-to-income ratio
(PIR), measures the ratio of the amount of a debtor’s periodic debt payments to the debtor’s
income. PIR provides a better measure of a debtor’s financial insecurity than DTI (even though
DTI is linked to financial fragility and crisis). With PIRs, higher periodic payments to repay debt
leads to less funds available for households to spend on necessities and other goods and services.

DTIs can correlate positively and highly with PIRs, which is why DTIs are also linked to
the negative consequences. However, the positive relationship between DTI and PIR need not
always hold. For example, lowered finance costs could result in debtors having higher DTIs and
lower PIRs, all else equal. Consequently, PIRs would be a superior measure of financial
insecurity. However, the inequality/debt literature has focused overwhelmingly on DTIs instead

of PIRs, and it is in this literature specifically where DTIs are hypothesized to be associated with
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negative consequences. PIRs have been a less utilized debt measure in the inequality/debt
literature, probably because PIRs are less frequently tracked in various datasets.

Historical trends and economic theory provide reasons why income inequality might
influence household debt. By a variety of measures, both income inequality and household debt
have increased over roughly the past half-century in the developed world and particularly in the
United States (Kennickell 2009; Lebarz 2015; Perugini, Holscher, and Collie 2016; Wolff 2016;
Bartscher et al. 2020). Existing theoretical literature posits that widening income inequality could
result in rising household debt in two, non-mutually exclusive ways: (1) by boosting credit
supply (e.g. Kumhof, Ranciére, and Winant 2015), or (2) by stimulating credit demand (e.g.
Frank, Levine, and Dijk 2014). However, Bazillier and Héricourt (2017) identified only four
studies of the income inequality/household debt link. Since Bazillier and Héricourt’s review in
2017, empirical literature expanded rapidly.

After expounding on the historical trends and theoretical foundations of the income
inequality/household debt link, I update Bazillier and Héricourt (2017) with a deeper review and
synthesis of the recently expanded literature. This update identifies 30 additional empirical
papers (34 total) which use some measure of income inequality as an independent variable and
household debt or some measure that includes household debt as a dependent variable (e.g.,
private sector debt also acceptable). In all but one paper reviewed (33/34), results showed
unconditionally significant or mixed results. Only one study found the income
inequality/household debt link to be insignificant in all specifications. This broad association
covers both aggregate- and household-level studies across a variety of countries, time periods,

methods, and measures of income inequality.
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However, differences are observed depending on the measure of household debt and the
level of development of the country studied. In advanced economies, 17 studies find a
significant, positive association and four studies show a mixed result for the association between
income inequality and household DTIs. In contrast, ten studies using other debt measures show a
less clear pattern. In emerging/developing countries, research is sparse (6 papers), but any
relationship may depend on the robustness of a country’s financial sector. Consequently, though
research in some contexts is understudied and less substantiated, current research consistently
supports an income inequality/household DTI link in advanced economies.

Yet even in the literature linking income inequality and household DTT in advanced
economies, three major gaps remain. First, many papers lack controls for financial deregulation,
an omitted variable that could cause both income inequality and household DTI to increase. In
fact, financial deregulation is a leading alternative explanation for rising household DTIs.
Second, much literature does not control for wealth effects driven by rising home prices, another
leading alternative explanation for rising household DTI. Third, studies generally do not explore
income inequality’s specific association with the intensive margin of debt (how much debt an
indebted household has). To provide strong support (or lack thereof) for an income
inequality/household DTTI link, it is important to address these major gaps.

This chapter is structured as follows. First, I review trends in income inequality and
household debt. Second, I discuss theoretical explanations for an income inequality/household
debt link. Third, I synthesize the burgeoning empirical research. Finally, I discuss major gaps in

the income inequality/DTI relationship in developed countries.
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1.2 Trends in Income Inequality and Household Debt

Over the past half century, both income inequality and household debt have increased in
advanced economies, particularly in the United States (Kennickell 2009; Wolff 2016; Perugini,
Holscher, and Collie 2016; Bartscher et al. 2020). For illustrative purposes, this section focuses
on United States trends. The trends generally show a positive relationship between income
inequality and both the amount of household debt as well as DTL.

Table 1.1 provides data from Wolff (2016) to illustrate basic trends for a variety of
income inequality measures:

Table 1.1. United States Income Inequality 1962-2013
Year | Gini | Top Next | Next | Next |Top 4th 3rd Bottom
Index | 1% 4% 5% 10% 20% 20% 20% 40%
Share | Share | Share | Share | Share | Share | Share | Share
1962 10428 |8.4 11.4 10.2 16.1 46.0 24.0 16.6 13.4
1969 |0.469 | 104 12.4 10.3 15.9 48.9 23.4 16.4 11.2
1982 10480 |12.8 133 10.3 15.5 51.9 21.6 14.2 12.3
1988 |0.521 | 16.6 13.3 10.4 15.2 55.6 20.6 13.2 10.7
2000 |0.562 |20.0 15.2 10.0 13.5 58.6 19.0 12.3 10.1
2006 |[0.574 |21.3 15.9 9.9 14.3 61.4 17.8 11.1 9.6
2009 |0.549 |17.2 16.5 10.7 14.7 59.1 18.7 14.9 7.3
2013 [0.574 |19.8 16.5 10.8 14.7 61.8 17.8 11.1 9.4
Data from Wolff (2016) computations using the 1962 Survey of Financial Characteristics of
Consumers, 1969 MESP database, and 1983-2013 Survey of Consumer Finances.

These data show the Gini coefficient increased from 0.428 in 1962 to 0.574 in 2013 with a slight
decrease in 2009 following the 2008 Financial Crisis. Changes in the Gini coefficient have been
driven by gains in income shares at the very top of the income distribution, and losses in income
share for the bottom 80 percent. The increase is largest for the top 1 percent share, which more
than doubled between 1962 and 2013 from 8.4 to 19.8 percent. This increase was even greater
prior to a dip following the Financial Crisis in 2009, but the top 1 percent promptly rose again
from 17.2 percent in 2009 to 19.8 percent in 2013. The next top 4 percent income share also

experienced modest gains from 11.4 percent in 1962 to 16.5 percent in 2013.
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Over the same period, the income share of the bottom 80 percent (4™ 20 percent share, 3™
20 percent share, and bottom 40 percent share) decreased steadily. The bottom 40 percent share
dropped from 13.4 percent in 1962 to 9.4 percent in 2013 while, over the same period, the 3™
quintile decreased from 16.6 percent to 11.1 percent, and the 4™ quintile declined from 24.0
percent to 17.8 percent. Thus, the bottom 80 percent have lost income share while gains have
gone primarily to the top 1 percent and, to a lesser extent, the next top 4 percent.

These basic trends illustrated by Wolff (2016) are subject to certain nuances depending
on how income is defined. For example, exact calculations differ depending on whether one
calculates income pre-tax or post-tax and pre-transfer or post-transfer, and whether the unit of
analysis is the individual or the household. In addition, the inequality measure matters as well, as
does the choice of data set used to calculate the measure.

Income inequality is lower when income is measured post-taxes and transfers; however,
income inequality has been increasing regardless of the calculations. Graham (2017) provides a
succinct overview of these nuances for Gini coefficient calculations between 1979 and 2007. On
the high end, she notes that Congressional Budget Office estimates for the pretax Gini coefficient
increase from 0.48 (1979) to 0.59 (2007). On the low end, she notes that post-tax and transfer
calculations from Burtless (2009) show the Gini coefficient increasing from 0.295 to 0.34.

Similar nuances are illustrated across an array of income inequality measures and data
sets. A wide variety of inequality measures all show different levels of volatility over the past 40
years, though all measures show increases when based on Census Current Population Reports
(Semega et al. 2021). With respect to data sets, the Current Population Survey contains
significant underreporting of income and transfers, but includes non-filers as opposed to tax data

(which reports income more accurately) (Fixler, Gindelsky, and Johnson 2020).
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Recent U.S. Bureau of Economic Analysis work on income inequality since the Great
Recession summarizes these nuances across income calculations, units of analysis, inequality
measurements, and data sets (Fixler, Gindelsky, and Johnson 2020). Between 2007 to 2009 for
example, the Top 1 percent share declined across all calculations, from a high of -0.9 percent
using Piketty, Saez, and Zucman's (2018) post-tax and transfer calculations using national
accounts, to a low of -5.4 percent using CBO’s household income, pre-tax and transfer
calculations. Similarly, the various calculations all show increases from 2009 to 2013 and 2013
to 2017. For example, from 2013-2017 the Top 1 percent share increased from a low of 0.5
percent using Auten and Splinter's (2019) post-tax and transfer calculation from national
accounts, to a high of 2.1 percent using the BEA’s personal income calculations. While the exact
percentages of changes differ across calculations, the general trends (positive or negative) remain
consistent across the Top 1 percent income inequality measures. The authors’ find similar trends
for the Gini coefficient as well. Taken as a whole, the summaries provided by Wolff (2016),
Graham (2017), and Fixler, Gindelsky, and Johnson (2020) all show a general increase in income
inequality with the exception of a brief dip during the Great Recession.

While income inequality widened, household debt also increased rapidly for both the
amount of debt and DTI. Trends for both these debt measures are illustrated in Figures 1.1 and

1.2 using data from Bartscher et al. (2020) from 1950 through 2015:
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Figure 1.1. United States Total Household Debt 1950-2015
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Data from Bartscher et al. (2020) using the Survey of Consumer

Finances+ (SCF+) and Financial Accounts (FA). Data indexed to 1983-
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Figure 1.2. United States Household DTI 1950-2015
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Data from Bartscher et al. (2020) calculations using SCF+.
Both figures generally show a continued rise over time until the Great Recession of 2008. The
total amount of household debt increased approximately eightfold while household DTIs roughly
tripled between 1950 and 2016. Between the two graphs, some nuances exist. Total household

debt appears to be rebounding as of 2015 while household DTT has not. In addition, only

household DTI suffered a brief dip following the 2001 recession. Aside from these minor details,
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the big picture from both figures is a mounting expansion of household debt interrupted only by
the Great Recession.

Bartscher et al. (2020) find that the rise in household DTI over this period was driven
mainly by the intensive margin, specifically the intensive margin of housing debt. Between 1950
and 2016, the intensive margin of debt is responsible for about 47 percentage points of the 75
percentage point increase in household DTI. Housing debt is responsible for about 33 percentage
points of the intensive margin increase. The authors note that more people had non-housing debt
than had housing debt, but that the value of housing debt vastly exceeded the value of non-
housing debt. This special role of the intensive margin in driving overall DTI is an important fact
to keep in mind when analyzing United States debt trends.

Synthesizing these debt trends from Figures 1.1 and 1.2 with the income inequality trends
in Table 1.1, income inequality appears to be positively associated with household debt. In fact,
the data for Bartscher et al.’s (2020) debt statistics come from effectively the same source as
Wolff’s (2016) income inequality calculations (Survey of Consumer Finances), though the
household debt calculations also use the Financial Accounts (FA). Bartscher et al. (2020) provide

a summary of the relationship between income inequality and household DTT in Figure 1.3:
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Figure 1.3. Top 10 Percent Income Share and Household DTI
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Data from Bartscher et al. (2020) calculations from SCF+.

Figure 1.3 highlights the close visual relationship between the top 10 percent income share and
household DTT from 1950 to 2020. While in some years the lines move in opposite directions,
the general relationship between income inequality and household DTI between 1950 and 2016
is positive. The lines correlate reasonably well over time.

While Table 1.1 makes clear that the changes in inequality were driven by rising top
income shares (chiefly the top 1 percent), additional data from Bartscher et al. (2020) illustrate
that the middle to upper-middle portions of the income distribution drove the household debt
increase. Figure 1.4 shows the share of household debt increase between 1950 and 2007 between

the bottom 50 percent, the 50-90'" percent, and the top 10 percent of income earners:
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Figure 1.4. Percent Increase in Amount of Household Debt by Income Strata, 1950-2007
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Bartscher et al. (2020) note that the 50-90™ percentiles are responsible for 55 percent of the total
debt increase from 1950 to 2007. In contrast, the top 10 percentile experienced a slightly less
than 30 percent rise, and the bottom 50 percent increased only about 15 percent. As Figure 1.5

illustrates, similar trends are true for rising household DTT:

Figure 1.5. Changes in DTI by Income Strata, 1950-2016
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Data from Bartscher et al. (2020) calculations from SCF+.
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In Figure 1.5, the top 50-90" percentiles experienced the largest gains in DTI from 1950 -
2016 with the bottom 50th percentile tracking a similar trend with slightly lower DTIs. Both the
middle-upper 501"-90™ percentiles and the bottom 50™ percentile rose from a DTI of about 40
percent in 1950 to 120 percent in 2016. In contrast, the top 10" percentile increased from about
20 percent to about 60 percent.

These descriptive trends presented by Wolff (2016) and Bartscher et al. (2020)
demonstrate that both income inequality and household debt have increased over roughly the
past 50 years. Other authors note similar trends in the United States and other advanced
economies (Lebarz 2015; Perugini, Holscher, and Collie 2016). Though not always identical,
these trends generally present a positive relationship between income inequality and household
debt. Such trends appear to hold for both the amount of household debt and household DTIs.
Moreover, the data indicate that widening income inequality is driven by top income shares,
chiefly the top 1 percent share but also the next 4 percent. In contrast, household debt increases
are driven by the intensive margin, primarily by the middle and upper-middle income earners in

the 50-90™ percentile. These trends suggest further investigation.

1.3 Theoretical Basis for the Income Inequality/Household Debt Link

Widening income inequality could stimulate household debt in two ways. First, rising
income inequality could result in rising household debt by increasing the supply of credit
(Kumbhof, Ranciere, and Winant 2015). This process of income inequality boosting credit supply
is defined as the “credit supply channel.” The credit supply channel is sustained through top
income earners increasing their savings as top income shares rise. Second, income inequality
could amplify demand for credit — the “credit demand channel.” (Kapeller and Schiitz 2014;

Ryoo and Kim 2014; Setterfield, Kim, and Rees 2016; Belabed 2018; Cardaci 2018; Klein and
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Krause 2020). The credit supply and credit demand channels are not mutually exclusive. Income
inequality could boost household debt through one or both channels. Figure 1.6 illustrates.!

Figure 1.6. The Credit Supply and Credit Demand Channels

Credit Supply \.
Income ” Household
\ Credit / Debt

Demand

Inequality

1.3.1 The Credit Supply Channel

The credit supply channel functions through a key empirical fact: marginal propensity to
save increases with income. The marginal propensity to save (“MPS”) is the proportion of
savings from a one unit increase in income. MPS is 0.5 or higher for top income groups and
lower for lower income groups (Dynan, Skinner, and Zeldes 2004). Higher MPS for richer
households helps explain why savings of the top 1 percent is about 35 percent while the bottom
90 percent is zero (Saez and Zucman 2016). This savings gap is further highlighted by Straub’s
(2019) calculation of the permanent income elasticity of consumption (the response of
consumption to an increase in permanent income). Straub (2019) calculates that the permanent
income elasticity of consumption is around 0.7, meaning that if household A earns twice as much
as household B, A will only spend 70 percent more and not 100 percent (Straub 2019).

If top income earners save more as their income increases, rising income inequality can
explain a rise in household debt through the credit supply channel. The effects of this savings

increase are illustrated in Straub’s (2019) quantitative life-cycle model. Through this model,

! Figure 1.6 is a reduced form of a chart from Bazillier and Héricourt (2017) illustrating the
inequality-debt-financial crisis hypothesis. This simplified form provides a clear visual depiction
of the inequality/household debt link.
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Straub simulates general equilibrium transitional dynamics using permanent income inequality
data from 1970 to 2014. Straub’s model explains how income inequality can bolster savings of
top income earners resulting in more loanable funds and lower interest rates. The combination of
increased loanable funds and lower interest rates results in cheap, widely available credit and

thus more borrowing and debt. Figure 1.7 is an expanded illustration of the credit supply

channel:
Figure 1.7. The Credit Supply Channel
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Inequality Rates ebt

The credit supply channel is further demonstrated in Kumhof, Ranciére, and Winant's
(2015) DSGE model. KRW’s model consists of two groups of households: (1) top earners with
population share x, and (2) bottom earners with population share 1 — x. Top earners correspond
to the top 5 percent income earners while bottom earners correspond to the bottom 95 percent.
Bottom earners derive utility from consumption only, but top earners’ utility is a function of
consumption and wealth. Top earners accumulate wealth through loans made to bottom earners.
This process of wealth accumulation is a parsimonious version of a more complex process.

In reality, the financial sector acts as an intermediary in translating accumulated wealth
and savings into loanable funds. Specifically, in KRW’s context (the inequality-debt-financial
crisis hypothesis), top earners’ wealth would be invested in a variety of complex products,
including structured finance securities. Structured finance involves bundling loans (mortgages,
auto loans, etc.) together into securities. For example, residential mortgages are bundled together

into residential mortgage-backed securities (RMBS). At the end of this process, bottom earners
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have consumption loans (i.e., mortgage loans), and the top earners, among others, effectively
own those loans through investments with accredited investors (such as hedge funds) that hold
structured finance securities such as RMBS. Therefore, KRW’s model achieves this end result by
having top earners accumulate wealth by lending to bottom earners.

In KRW’s model, bottom earners’ demand price as a function of debt, p(b), takes the
form of
(1.1) p(b) = fb
where fb is the discount factor for bottom earners (real interest rate). Top earners’ supply price
as a function of debt is

@Fz+b(1-p(b)) =)0
(1+b=2)1/n
X

(1.2) p(b) =B+

where B is the discount factor for top earners, ¢ is the weight of wealth in utility, y is the steady-
state output level (income level), z is the top earners’ output share (income share), and ¢ and 1
parameterize the curvature of the utility function with respect to consumption and wealth. Utility
functions for top and bottom earners are explained in other equations not covered here. Top
earners MPS is derived from wealth parameters ¢ and 1, which the authors also derive in other
equations. The full model, consisting of 18 equations, explains the income inequality-household
debt-financial crisis hypothesis. However, for the purposes of this chapter, the excerpted
equations highlight how a rise in income inequality increases the steady-state debt equilibrium.

The steady state relationship between (1.1) and (1.2) is
1
-1 1—-X
Bo—Pr _ (TZ+b(1-Bp) 0
¢

(1.3) T
(1+527
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Differentiating (1.3) derives the effect of an increase in top earners’ income share z on the

steady-state debt level b,

— 1,1
dlog(b) S0Z)
4 dlog(z) ; D (1-x)
s LS
X

where c" is top earners’ steady-state consumption. C* is also explained elsewhere in this model.

Calibrating Kumbhof et al.’s model using empirical data demonstrates how rising top
income shares result in rising household debt. The model uses a baseline MPS of top earners of
0.397, with a 0.505 upper bound and 0.248 lower bound, and a top 5 percent income share
matching empirical data from 1983-2010. Using these data, the baseline model predicts close to
100 percent of the increase in household DTI between 1983-1998, and 70 percent of the increase
from 1998-2007. The authors further note how the global savings glut can explain about 25
percent of the increase in household DTI during the latter period, meaning that the authors
effectively explain 95 percent of the rise in United States household debt in total. Outside the
global savings glut, this rise is explained almost exclusively by income inequality boosting
household debt through the credit supply channel.

While Kumbhof et al.’s model tests the credit supply channel using DTI as the measure of
debt, it is possible that utilizing PIRs could yield varying results for households’ financial
fragility. As mentioned earlier, it is possible for DTIs to rise at the same time PIRs fall if finance
charges for debt also fall. The credit supply channel contemplates such a possible situation. If
income inequality stimulates savings and causes a subsequent decline in interest rates, these
lower interest rates could result in lower finance charges. Lower finance charges means that PIR

could decline even when DTI increases. However, the declining PIR/rising DTI scenario is
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simply an underexplored hypothesis. It is also possible that rising DTIs also result in rising PIRs
because households’ finance larger principal amounts that dwarf any decline in finance charges.
Though Kumbhof et al.’s model shows how income inequality could stimulate total debt or DTI
through the credit supply channel, the channel’s effect on PIR and ultimately financial fragility

still requires more research.

1.3.2 The Credit Demand Channel

In contrast to the credit supply channel, the credit demand channel functions by income
inequality stimulating households’ demand for credit. The stimulus is posited by the relative
income hypothesis. The relative income hypothesis states that one’s consumption depends on the
consumption of a reference group. The reference group could be a group of others or one’s own
previous consumption (Dusenberry 1949). Dusenberry hypothesized that reference groups were
based in part on comparisons to other persons that one regularly encounters. Typically, an
individual’s reference group is considered an upward comparison. Individuals compare
themselves to a higher-income reference group.

Relatedly, Veblen (1899) posits an earlier form of the relative income hypothesis based
on the wealthy’s consumption and the rest of the population’s attempt to emulate the wealthy.
Veblen describes the rich engaging in “conspicuous consumption,” meaning consuming to
enhance their prestige. The rest of the population makes “invidious comparison[s]” to the rich
and engages in “vicarious consumption” attempting to emulate the rich’s consumption. In
Veblen’s theory, the rich serve as a reference group for the rest of the population.

Under either Dusenberry’s or Veblen’s theory, rising income inequality could widen the
gap between households and their reference group. As the reference group becomes relatively

richer, households increase spending to keep pace. Such spending is sometimes referred to as the
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“keeping up with the Joneses’ effect” (e.g. Christen and Morgan 2005). The “Joneses” could
refer to the rich (Veblen’s theory) or just higher income neighbors (Dusenberry’s theory). Either
way, rising income inequality could increase the gap between households and their reference
group, and such a gap could stimulate increased household spending. Thus, the relative income
hypothesis posits how increasing income inequality stimulates spending.

Figure 1.8 illustrates how the relative income hypothesis explains the credit demand
channel. Greater income inequality results in a wider potential consumption gap between
households and their (higher income) reference group. These households seek to close that gap.
If households do not have income or net savings to spend, they could borrow. This increased
credit demand results in more household debt. Thus, household debt could increase as rising
income inequality widens the gap between households and their reference group.

Figure 1.8. The Credit Demand Channel
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Recent work by Frank, Levine, and Dijk (2014) (FLD) specifically describes how rising
income inequality affects household finances. They propose a form of the relative income
hypothesis called “expenditure cascades.” Expenditure cascades looks at the entire income
distribution as a ladder. Households on each ladder rung use the next rung up as a reference
group. For example, the highest rung serves as a reference for the second-highest rung, the

second-highest rung serves as a reference group for the third-highest rung, and so forth.
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Consequently, if the highest group’s income increases, the reference effects could cascade down
the distribution as the highest rank affects the second, the second rank affects the third, etc.

Under expenditure cascades, FLD’s model takes the following form:

(1.5) Ci=k(1-a)Y,+aC,

where C;is the current consumption level of the ith household, Y; is the permanent income level
of the ith household, C;+; is the current consumption level of the household whose permanent
income ranks just ahead of the ith household, £ is a parameter unrelated to permanent income
level or rank, and a is a parameter that represents the extent to which each household’s spending
is influenced by the spending of higher-income households. Through this model, an expenditure
cascade occurs as increased consumption of Ci+; influences C;to spend more. Increased
consumption of the highest income-ranked households cascades down the income distribution,
ultimately influencing lower-ranked individuals to spend more.

Expenditure cascades could be triggered by rising top income shares. As top income
shares rise, top income earners could increase consumption. Increased consumption by top
earners would raise the consumption of the next highest earners, and the consumption increases
would cascade down the income distribution. Bertrand and Morse (2016) give this expenditure
cascade a name: “trickle-down consumption.” These authors conclude that in the United States,
increasing state-level 80™ percentile household income is associated with greater consumption
for households in lower percentiles. Similarly, in Germany, Drechsel-Grau and Schmid (2014)
find that household consumption grows about 0.3 percent in response to a 1 percent rise in
reference group consumption. These two studies support “trickle-down” consumption from

expenditure cascades driven by rising income inequality.
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Such “trickle-down consumption” could stimulate the credit demand channel. FLD posit
that expenditure cascades result in decreased savings. Household savings are the difference
between assets and debt, or S = A — D. As debt increases, savings decreases. In an expenditure
cascades scenario, households could increase their consumption and decrease their savings by
borrowing. FLD note that the personal savings rate has dropped precipitously in the United
States since the mid-1970s. This savings drop has been led by households outside of top income
strata. Top income earners’ savings has increased in opposition to decreases among lower strata,
resulting in both a drop in the personal savings rate and a savings glut of the rich.

Recent empirical work by Alvarez-Cuadrado and El-Attar Vilalta (2018) explores this
tension in savings between relatively lower income earners and top earners. They found that
rising income inequality is associated with decreased household savings rates overall. However,
income inequality only has a negative association with the savings of relatively lower income
earners. For top income earners, income inequality has a positive association with savings.

Ultimately, these studies show empirically that the overall decrease in the personal
savings rate (led by relatively lower-income earners) could be a product of increased household
debt. Under the credit demand channel, specifically FLD’s theory, the resulting debt increase
comes from relatively lower income strata demanding more credit to finance consumption.
Relatively lower income strata would include all strata below some top income share, consistent
with the “trickle down” nature of expenditure cascades. For example, rising top income shares
could stimulate debt of the 50-90'™" income percentile and possibly below the 50 percentile as

well.
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1.3.3 Conclusion

The credit supply channel and the credit demand channel provide separate theoretical
explanations why income inequality could influence household debt. Both channels could
operate simultaneously. As income inequality rises, top income earners increase savings, which
translates at least in part into more loanable funds for households. Households then use these
loanable funds to keep up with their reference group. Empirically, one channel may be more
prominent than the other, but sorting out these channels precisely is beyond the scope of this
dissertation. For this dissertation, the important point is that the theoretical basis for an income
inequality/household debt link is rooted in either income inequality’s credit supply or credit

demand effect.

1.4 Empirical Research of the Income Inequality/Household Debt Link

The empirical relationship between income inequality and household debt has been
understudied until recently. Bazillier and Héricourt’s (2017) literature review found only four
studies. Since then, scholars have heeded the call for more research, and the empirical literature
has increased tremendously. To identify and synthesize this expanding literature, I used

systematic procedures tailored to the income inequality/household debt hypothesis.

1.4.1 Search Procedures and General Results

The systematic procedures employed included the development of inclusion/exclusion
criteria, selection of databases, and identification of search terms. Inclusion/exclusion criteria
included English-language publications or working papers with econometric or other statistical
methods that used any measure of income inequality as an independent variable and, as a

dependent variable, any measure that included household debt (e.g., private sector debt also
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acceptable). I identified relevant studies by searching a variety of EBSCO universe databases
with debt-related terms, inequality-related terms, and income-related terms. A full description of
the search methods appears in Appendix Al.

These search methods yielded 34 total papers, which include the four papers previously
noted by Bazillier and Héricourt (2017). A description of each paper appears in Appendix A2.
Journals of publication, if any, are noted below in Table 1.2. Most of the studies (27/34) were
published in economics journals. One article was published in a sociological journal (Socius).
Five articles are currently working papers. The diversity of journals demonstrates broad interest

in the research question.

Table 1.2. Publications of Search Results for Income Inequality/Debt Link Research
Journal # of Journal # of
Papers Papers

Applied Economics Letters 2 Journal of Housing Economics 1

Cambridge Journal of Economics 1 Journal of International Money & 2
Finance

Economic Inquiry 1 Journal of Post Keynesian 1
Economics

Economic Letters 2 Post-Communist Economies 1

Economic Systems 1 Quantitative Marketing and 1
Economics

Empirica 1 Review of Behavioral Economics 1

European Economic Review 1 Review of Development Economics 1

European Review of Economic 1 The Review of Financial Studies 1

History

Financial Innovation 1 Review of Income and Wealth 2

International Economic Journal 1 Review of Political Economy 1

Journal of Economic Behavior & 1 Socius 1

Organization

Journal of Economic Inequality 1 The World Economy 1

Journal of the European 1 Working Papers 5

Economic Association

The research focused on the income inequality/household debt link in countries across the
globe. Table 1.3 indicates countries and regions covered by the 34 reviewed papers. Some

papers, largely using cross-country regression analysis, included multiple areas. Most research is
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concentrated in the advanced economies of the United States, Canada, Western Europe,
Australia, and Japan. Among these advanced economies, the United States dominates. Despite
the large focus on the United States, robustness comes from research covering other advanced
economies and, to a lesser extent, emerging and developing economies.

Table 1.3. Geographic Areas Covered

Geographic Area # of Geographic Area # of

Studies Studies
United States 27 Africa 4
Western Europe/Australia 18 China 4
Canada 15 India 4
Japan 13 Middle East 3
Eastern Europe/Former USSR 8 Remainder of Asia 4
Latin America 4

1.4.2 Significance of Results Based on Methods including Econometric Design,
Time, Geography., Unit of Analysis., and Variable Selection

All but one of the papers reviewed (33/34) found a significant association between
income inequality and household debt, or at least found mixed results. Only eight papers had
mixed results and the rest (25) were significant. Thus, current literature generally answers the
research question in the affirmative, finding an association between income inequality and
household debt. These findings are robust across methods including econometric design, time
periods, geographic regions, units of analysis, and dependent and independent variables. No
particular study stands out as definitively superior to others in terms of methodology, each study
provides its own nuance and level of detail in examining the research question. Consequently,
this section synthesizes various aspects of the studies’ methodologies (econometric design, time
period, unit of analysis, variable selection, level of economic development) showing how the
results are robust and explaining differences that impact the results. The next section will discuss

some gaps in the methods.
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Table 1.4 provides an overview of the assorted econometric designs used. Research
covers a diverse array of methods, and many studies used multiple methods. Research
concentrates most heavily on time-series regression (e.g., ADL, VAR, VECM) and OLS
regression (typically with fixed effects). Eleven studies used a variety of time series regressions.
Most of these studies found a long-term, cointegration between income inequality and household
debt, but some also had mixed findings. OLS regression, usually with fixed effects, was the most
common method used. Unit and time fixed effects are common methods for causal inference. All
but three of the 18 OLS studies used some form of fixed effects, resulting in 10 OLS FE studies
with significant findings. A smaller number of other papers (8) used some form of IV regression
or GMM, both of which can be used to address endogeneity, and 6/8 papers had significant
results. Mixed findings exist in every category, and the varieties of econometric designs used do
not distinguish significant findings from mixed, insignificant findings. However, most papers
across each category show significant results and support the general robustness of the literature.

Table 1.4. Varieties of Econometric Design

Time-Series OLS | 2SLS, | Logit, | GMM | SUR | Misc.
Regression (e.g., | (incl. | IV Probit,
ADL, VAR, FE) Tobit
VECM)
Number of Studies | 11 18 4 5 4 2 6
Significant 7 12 3 4 3 1 3
Findings
Mixed Findings 4 5 1 1 1 1 3
Insignificant 1
Findings

As depicted in Table 1.5, the literature covered years from 1913 to the present with many
studies spanning multiple decades. Most research is concentrated from roughly the 1970s to the
present. The highest concentration of research focuses on 2000-2009, the decade that precipitated

the Great Recession. Significant findings are found in every decade. Mixed and insignificant
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results do not stand out disproportionately in any particular decade. The years covered do not

distinguish significant results from mixed or insignificant results.

Table 1.5. Years Covered by Previous Research

1913- | 1930- | 1940- | 1950- | 1960- | 1970- | 1980- | 1990- | 2000- | 2010-
1929 11939 | 1949 | 1959 [ 1969 | 1979 | 1989 | 1999 |2009 |2019
Number of | 8 6 6 7 8 16 22 26 32 28
Studies
Significant | 6 4 4 5 6 11 15 18 23 19
Findings
Mixed 1 1 1 1 1 4 6 7 8 8
Findings
Insignificant | 1 1 1 1 1 1 1 1 1 1
Findings

The studies reviewed come from a combination of household and aggregate data. Table
1.6 indicates the unit of analysis. Most units were either at the household-level (11 studies) or
country-level (23 studies). Country-level studies included both analysis of a single country over
time and cross-country regressions over time. One study analyzed results at the U.S. state-level
(Mian, Straub, and Sufi 2020). Neither household nor country-level studies had predominately
more mixed or significant results. While the combination of household and aggregate studies
contributes to the robustness of the recent research, the unit of analysis does not explain why
some results were mixed or insignificant.

Table 1.6. Unit of Analysis

Household State Country
Number of Studies 11 1 23
Significant Findings | 9 1 16
Mixed Findings 2 6
Insignificant Findings 1

Identified research included 20 different measures of income inequality, and many papers
used multiple measures. As described in Table 1.7, the measures cover income shares, indices,
and ratios. The predominant measures used were the top 1 percent share and the Gini Index (17

and 13 studies, respectively). Beyond these measures, the top 5 percent share, top 10 percent
33



share, and various measures of relative income were also used five or more times. Relative
income measures generally consisted of a ratio of the respondent’s income to some reference
group, such as median income or higher income strata.

The measure of income inequality does not distinguish significant findings from mixed or
insignificant ones. Thirty studies use the top 1 percent share or the Gini coefficient and account
for the largest number of mixed or insignificant findings (11). Seventeen studies use the top 1
percent share, and only six showed mixed or insignificant results. Thirteen studies use the Gini
coefficient and five had mixed results. Since other measures were used only, at best, a handful of
times, it is difficult to say that the top 1 percent or the Gini coefficient showed a less significant
result than other studies.

The large number of significant results across various measures is indicative of income
inequality’s robust association with household debt. The association is significant for top income
shares, bottom income shares (although the association at the bottom is negative; Hake and
Poyntner 2020), and the Gini coefficient (which is sensitive to changes in the middle). Relative
income measures are also generally significant, which may provide some support for the credit
demand channel. The variety of significant measures indicates a broad, general impact of income

inequality.
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Table 1.7. Independent Variable: Measure of Income Inequality

Top | Top | Top 6% | Top 10% Top Top 10/ | Top Bottom | Bottom Decile
1% 5% Share Share 20% Mid 30- | 10/ 20% 10% Income
Share | Share Share 90 Bottom | Share | share Share
Share 30
Share

Number of | 17 6 1 5 1 1 1 1 1 1

Studies

Significant | 11 5 1 4 1 1 1 1 1 1

Findings

Mixed 5 1 1

Findings

Insignificant | 1

Findings I —
Gini | Theil | Atkinson | Mean Log | Inverted | Relative | 90/10 | 75/10 | Top 1% | Top 5%
Index | Index | Index Deviation Pareto Income | Ratio Ratio Threshold | Threshold

Lorenz

Number of | 13 3 1 1 3 8 4 1 1 1

Studies

Significant | 8 3 1 1 3 7 4 1

Findings

Mixed 5 1 1 1

Findings

Insignificant

Findings
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Appropriate control variables are also present in many studies. Depending on the unit of
analysis, these control variables include macroeconomic factors (particularly for country-level
studies) and individual factors (for individual-level studies). Table 1.8 lists the various explicit
controls. Demographics include factors such as age, race, sex, educational level, etc., in
individual-level studies, and in aggregate studies would include changes in the age range of the
population (i.e., percent between 18 and 65). Income/GDP includes household income for
individual-level studies and GDP for the country level. Monetary environment variables are
many, and can include interest rates, the real money supply, and the investment/GDP ratio.
Housing/wealth variables include explicit measures of household wealth, in addition to housing
variables such as real property price indices and homeownership status. Finally, financial
deregulation includes variables to measure such changes in financial laws, such as the Fraser
Institute Index. These controls do not include studies that may have controlled for any of these
factors another way, such as fixed effects (i.e., state-level studies that would have addressed the
monetary environment with time fixed effects).

Demographics, income/GDP, and the monetary environment receive the most coverage,
with housing/wealth and finally financial deregulation with far less coverage. Interestingly,
research that controls for financial deregulation has more mixed findings than significant
findings (as does the monetary environment). Both variables arguably could impact income
inequality, making any association between income inequality and debt spurious. Particularly,
the importance of deregulation will be discussed in a later section. On the other hand, the income
inequality/household debt link does appear robust when income/GDP and demographics are

included as controls.
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Table 1.8. Control Variables

Demographics | Income/ | Monetary Housing/ | Financial
GDP Environment | Wealth Deregulation
Number of | 16 17 14 12 5
Studies
Significant | 12 9 6 7 1
Findings
Mixed 4 7 7 5 4
Findings
Insignificant 1 1
Findings

In Table 1.9, analysis of dependent variables — the measure of household debt — also
provides variety. Measures of debt largely consisted of DTI (23 studies) and the amount of debt
(12 studies). Of the DTI studies, 16 measured household DTI and seven measured private sector
DTI. For amount of debt studies, five used household debt and seven utilized private sector debt.
Lesser used variables include the extensive margin of household debt and household PIRs.
Extensive margin studies used a binary dependent variable measuring whether households had
any debt. PIRs used periodic debt servicing payments as the numerator rather than the total
amount of debt. DTI studies and, to a lesser extent, amount of household debt, provide a larger
comparative literature.

Table 1.9. Dependent Variable: Measure of Debt

Household | Private | Amount of | Amount of | Household | Extensive
DTI Sector | Household | Private PIR Margin
DTI Debt Sector Debt
Number of | 16 7 5 7 1 5
Studies
Significant | 11 7 2 3 4
Findings
Mixed 5 3 3 1 1
Findings
Insignificant 1
Findings

A pattern begins to emerge when analyzing the various debt measures used as dependent

variables. For DTI, 18/23 studies had significant findings. The five remaining studies had mixed
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findings. In contrast, only 5/12 “amount of debt” studies showed significant findings. Six studies
had mixed findings and one study (Bordo and Meissner 2012) had insignificant findings.
Moreover, though household PIR is a useful measure, it was used in only one study (with mixed
findings) while examinations of the extensive margin yielded significant results in 4/5 studies.
Due to the distinction between the two most studied measures, DT and amount of debt, a pattern
begins to emerge. More than any previous metric (independent variables, unit of analysis, or time
period) the dependent variable is helpful to distinguish when income inequality is associated
with increased household debt. Based on reviewed studies, income inequality is more frequently

associated with rising DTTIs.

1.4.3 Significance of the Level of Economic Development and the Measure of Debt

The income inequality/household debt link becomes even more focused when
considering the level of a country’s development in tandem with the dependent variable used.
Table 1.10 illustrates the interrelationships. More than any other category, findings are
significant most frequently for DTIs in advanced economies. Out of 21 advanced economy
studies that measure debt using DTIs, 17 studies show a significant, positive relationship, and
four find mixed significance. None are insignificant. In contrast, when the debt measure is the
amount of debt, only 4/10 advanced economy studies are significant, with four studies having
mixed results and two studies finding no significant association. Research is the least established

in emerging economies and for the extensive margin.
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Table 1.10. Income Inequality/Household Debt Link Based on Debt Measure and Economic
Development

Economic Development
Advanced Emerging/Developing

o | DTI 17 Significant 1 Significant
7 4 Mixed 1 Mixed
§ Amount of Debt | 4 Significant 2 Significant
= 4 Mixed 1 Mixed
A 2 Insignificant

Extensive 4 Significant 1 Significant

Margin 1 Mixed

The 17 significant studies in the advanced economy/DTI context cover numerous time
periods, units of analysis, measures of income inequality, and econometric methods. The
robustness described in Tables 1.5-1.10 is applicable here. Time periods mostly focus on the past
five decades, but some stretch back to the early 20" Century. Units of analysis are split between
household-level, country-level, and one state-level study. Measures of income inequality span
various top income shares, inequality ratios (i.e., 90/10, etc.), and indices (i.e., Gini). Methods
include a wide variety of econometric time series and regression analysis. The income
inequality/household DTT link is robust in advanced economies.

Of the four studies that found a mixed result in this context, three studies showed a credit
rationing effect (De Stefani 2018; Thompson 2018; Coibion et al. 2020).> Under a credit
rationing effect, income inequality stimulates household DTI for middle to high-income
households but decreases credit to lower income households. Empirically, each of the three
credit rationing papers focus on the United States at the local or state level. The credit rationing
effect is consistent with general credit rationing theory (Stiglitz and Weiss 1981), particularly as

applied to income inequality (Bowles 2012). Applying Stiglitz and Weiss’s theory, widening

2 The fourth study to find a mixed result, Moore and Stockhammer (2018), only found income
inequality to be significant with a t-2 lag, but the reasons why were not immediately clear.
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income inequality may cause banks to lend more to middle- and higher-income borrowers at the
expense of poorer ones. Bowles (2012) extends the credit rationing theory to demonstrate how,
under higher levels of inequality, relatively richer borrowers are more likely to get better
financing on better terms for comparatively inferior projects as compared to poorer borrowers.
This credit rationing research demonstrates how income inequality can affect household debt
significantly, but the effect’s direction differs among income strata.

In contrast to the DTI research, the relationship between income inequality and other
measures of household debt is weaker and less established in advanced economies. Evidence is
the weakest when the dependent variable measures the amount of household debt. This category
includes the only study to categorically find no income inequality/household debt link (Bordo
and Meissner 2012). However, some robustness tests of Bordo and Meissner using different data
or methods have found significant or mixed results (Gu and Huang 2014; Gu et al. 2019).
Nevertheless, the weight of current literature does not support a clear income inequality/amount
of household debt relationship in advanced economies. Similarly, the income
inequality/extensive margin relationship is also understudied (five studies) though the limited
evidence available does support an association in advanced economies. More research here
would be helpful, though such further research is outside the scope of this dissertation.

Research focused on emerging or developing economies is less extensive, comprising six
studies total across the different debt measures. Existing research points to the level of financial
development mediating whether income inequality is positively associated with household debt.
Kumbhof et al. (2012) suggest that in emerging economies with less robust financial systems, top
income earners deploy their funds abroad rather than lend to lower income earners. In this credit

supply channel-based scenario, income inequality largely does not influence household debt in

40



emerging/developing economies. Some empirical work supports Kumhof et al.’s (2012)
hypothesis. For example, Bazillier, Héricourt, and Ligonniere (2021) find that the significance of
the income inequality/household DTI relationship is conditioned on financial openness.
However, given the small number of studies, more research is necessary about the income
inequality/household debt link in emerging/developing countries. While such research is needed,

the remainder of this dissertation will focus on other gaps.

1.5 Gaps in the Income Inequality/Household DTI Empirical Literature in Advanced
Economies

The remainder of this chapter highlights three important gaps in the income
inequality/household DTI relationship in advanced economies. First, controls generally are
absent for financial deregulation, an omitted variable that could stimulate both income inequality
and household DTI. Second, controls are also limited for another leading explanation for the
household DTI boom: wealth effects driven by rising home prices. Third, despite the intensive
margin driving the household DTI boom, research has not measured income inequality’s specific
association with the intensive margin. Additional research of these three gaps would further the

advanced economy research of the income inequality/household DTI link.

1.5.1 Financial Deregulation Controls

A lack of controls for financial deregulation is arguably the most glaring gap. Financial
deregulation is “the process of removing government rules controlling the way that banks and
other financial organizations operate” (“Financial Deregulation | Definition in the Cambridge

English Dictionary” n.d.). Financial deregulation could cause both income inequality and
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household debt to increase (Bazillier and Héricourt 2017), resulting in omitted variable bias.? If
financial deregulation is the actual causal mechanism, then the income inequality/household DTI
link is a spurious association. Financial deregulation controls eliminate the omitted variable bias
and allow the researcher to better ascertain the true relationship between income inequality and
household DTI.

Descriptive data from Perugini, Holscher, and Collie (2016) support a positive
association between income inequality, financial deregulation, and DTI in advanced economies.
Figure 1.9 displays trends in the top 1 percent income share, financial deregulation (measured
using the index developed by the Fraser Institute to gauge the level of financial regulation across
countries), and DTI (measured as credit/GDP in the aggregate context) as averages of 18 OECD
countries from 1970-2007. From about 1982-2007, income inequality and DTI closely track each
other as both increase tremendously. Financial deregulation and DTT also show roughly similar
slopes from about 1978-2007, though the slope of financial deregulation appears much less steep

from about 1998-2007.

* Bazillier and Héricourt also contend that potential reverse causality exists between finance and
income inequality. However, “finance” is a broad term encompassing many potential measures.
Bazillier and Héricourt reference reverse causality in the context of general financial
development, but do not reference household DTI driving income inequality. However, I concur
with Bazillier and Héricourt that certain financial factors — deregulation and interest rates — could
all be omitted variables that influence both income inequality and household DTI.
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Figure 1.9. Income Inequality, Financial Deregulation, and DTI Trends in Advanced
Economies, 1970-2007
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Data from Perugini, Holscher, and Collie (2016) using an average of
18 OECD countries. Top 1% income share data from the World Top
Incomes Database. Financial deregulation data from the Frasier
Institute. Credit/GDP data from the World Bank.

Support for financial deregulation as an omitted variable comes from two independent
bodies of research establishing associations between (1) financial deregulation and household
debt, and (2) financial deregulation and income inequality. From these bodies of research, one
can reason that if financial deregulation stimulates both household debt and income inequality, it
reduces the likelihood that income inequality has an independent effect on household debt.

Financial deregulation affects household debt by expanding the credit supply. An
expanded credit supply results in an immediate increase in household debt due to binding
liquidity constraints faced by households (Jappelli and Pagano 1989; Antzoulatos 1996;
Bacchetta and Gerlach 1997; McCarthy 1997; Ludvigson 1999; Gross and Souleles 2002;

Debelle 2004). Financial deregulation can increase credit supply in many ways, including
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decreasing lending costs, increasing competition, increasing foreign capital flows, encouraging
bankers’ opportunistic behavior, loosening lending standards, limiting borrower commitment,
and expanding the supply and variety of financial instruments (Perugini, Holscher, and Collie
2016; Stockhammer and Wildauer 2018).

Empirically, a trio of recent natural experiments provide evidence that financial
deregulation increased household DTI in the United States. These natural experiments covered
federal preemption of anti-predatory lending laws in the early 2000s (Di Maggio and Kermani
2017), and intrastate banking deregulation in the 1980s and 1990s (S. Brown, Gray, and
Montagnoli 2019; Mian, Sufi, and Verner 2020). Each experiment used state variations in the
amount or intensity of deregulation to create a deregulation index and gauge the index’s
association with household DTI. For example, Brown, Gray, and Montagnoli (2019) constructed
an index based on the number of deregulatory events that occurred in a state over the specified
time (0-4 scale based on a maximum four possible events during the 1990s and early 2000s).
Mian, Sufi, and Verner (2020) based their index on the number of years since interstate and
intrastate deregulation began in a state as of 1989 (starting period 1979). Di Maggio and
Kermani (2017) measured whether a state had its predatory lending laws preempted by a 2004
federal statute. Each study found that greater deregulation is associated with higher DTI. These
studies provide solid evidence that financial deregulation stimulates household debt.

Research linking financial deregulation to rising income inequality is less established but
still raises concerns. The conventional argument about general financial development is that it
reduces income inequality by easing borrowing constraints for the poor to invest in themselves
(Banerjee and Newman 1993; Galor and Zeira 1993). This argument is primarily made in the

international development context. In this vein (and also in purely advanced economy studies),
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some empirical research has concluded that deregulation decreases inequality (Beck, Demirgiic-
Kunt, and Levine 2007; Beck, Levine, and Levkov 2010).

Yet other research finds that financial deregulation stimulates income inequality. In
robust but unregulated financial markets, inequality theoretically can exacerbate the poor’s
lending constraints (Bowles 2012). Philippon and Reshef (2012) contend that financial regulation
in the United States during the mid-20™ Century was associated with lower income inequality, in
contrast to the lesser regulated, higher inequality environments at the beginning and end of the
century. Similarly, Tanndal and Waldenstrom (2018) find evidence linking financial deregulation
to growing income inequality in the United Kingdom and Japan in the 1980s and 1990s. These
studies highlight that financial deregulation could stimulate income inequality, particularly in
advanced economies, in addition to boosting household DTI, and thus financial deregulation
should be taken seriously as an omitted variable.

However, only three papers explicitly control for financial deregulation (Perugini,
Holscher, and Collie 2016; Lim 2018; Bazillier, Héricourt, and Ligonnié¢re 2021). Two studies
use the same financial deregulation measure, the Fraser Institute index, yet the findings are
inconsistent. Perugini, Holscher, and Collie (2016) find a positive association for financial
deregulation, but Bazillier, Héricourt, and Ligonniere (2021) finds a negative association of
mixed significance. A third study finds that more regulation resulted in reduced magnitude of the
income inequality estimates (Lim 2018). Beyond these papers, another two studies control for
“financial openness” (a measure of a nation’s receptiveness to international financial flows) to
mixed or insignificant results (Fischer, Huerta, and Valenzuela 2019; Bazillier, Héricourt, and

Ligonniere 2021). Though the reason for the inconsistencies is not immediately obvious and
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beyond the scope of this dissertation, the findings do indicate that financial deregulation is less
consistently linked to rising DTI than income inequality when controlling for both variables.

Several other papers address potential omitted variable bias using fixed effects (time and
county/individual depending on unit of analysis), system GMM, or instrumental variables.
However, fixed effects in cross-country regressions will not control for financial deregulation
because it differs over time and across countries. As a general matter, the level of financial
regulation varies between countries (hence the efficacy of the Fraser Institute index mentioned
previously) and over time within countries (e.g., the United States experience as mentioned
above). In addition, some system GMM studies violate a key assumption that the number of
observations exceed the time period of the study (Bellet 2014; Perugini, Holscher, and Collie
2016; Gu et al. 2019). Only a pair of these studies, Perugini, Holscher, and Collie (2016) and Gu
et al. (2019), attempt possible corrections. Finally, some of the instrumental variable studies use
instruments for income inequality that could still be correlated with financial deregulation. For
example, Perugini, Holscher, and Collie (2016) use measures of labor market regulation and
business regulation. Similarly, Fischer, Huerta, and Valenzuela (2019) use indices for
trade/business freedom, trade union density, and rule of law (including regulatory enforcement).
As discussed by Baziller and Héricourt (2017), countries with less regulation in other areas (i.e.,
labor market, business, regulatory enforcement) are likely to have more financial regulation as
well.

No household-level research controls explicitly for financial deregulation. However, a
few control for some deregulation using time fixed effects (Carr and Jayadev 2015; Fligstein,
Hastings, and Goldstein 2017; De Stefani 2018; Thompson 2018). Time fixed effects at least

address the omitted variable even if they do not allow comparison of the relative contributions of
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income inequality versus deregulation on household DTI. However, all the aforementioned
studies focus on the state/local level in the United States. In the state/local context, time fixed
effects only control for uniform financial deregulation at the national level. But much United
States financial deregulation since the 1970s involved heterogeneous changes in state-level
regulation either through federal preemption of myriads of existing state laws or state-level
repeals, such as laws governing interest-rate caps, predatory lending, and restricting interstate
and intrastate banking in varying ways.* Moreover, as the three natural experiments mentioned in
previous paragraphs demonstrate, state-level heterogeneity in financial deregulation from the late
1970s through the early 2000s had a significant, positive association with household DTI. Thus,
time fixed effects would not control for such major deregulation. Consequently, addressing
omitted variables at the household-level unit of analysis, but controlling explicitly for state-level
heterogeneity, would add robustness to the literature and provide additional support (or show

lack thereof) for the income inequality/DTT link.

1.5.2 Wealth Effects (Rising Home Prices) Controls

Wealth effects driven by home prices are an alternative explanation for rising household
DTIs. Wealth effects occur as asset prices rise, giving liquidity-constrained households more
valuable collateral for borrowing (Bernanke and Gertler 1990). The primary source of wealth
effects for households is rising residential real estate prices (Hofmann 2004; Chrystal and Mizen
2005; Oikarinen 2008; Gimeno and Martinez-Carrascal 2010; Meng, Hoang, and Siriwardana

2013). In fact, increased borrowing by the 50-90'" percent strata against rising home prices

* Sherman's (2009) history of financial deregulation in the United States provides an excellent,
brief overview. Other sources include Di Maggio and Kermani (2017); Mian, Sufi, and Verner
(2020).
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accounted for about half the increase in United States household debt between the 1970s and
2007 (Bartscher et al. 2020). Specifically, prior to the Great Recession, U.S. households obtained
subprime loans most aggressively against rising home equity (Mian and Sufi 2011). This
evidence suggests that wealth effects could be driving household DTI more than (or instead of)
income inequality.

Since wealth effects are a large potential driver of household DTI, including wealth
effects as a control variable has two main advantages. First, as Cinelli, Forney, and Pearl (2020)
summarize “good,” “bad,” and “neutral” controls, wealth effects are a neutral control with
possible benefits. Controlling for wealth effects can reduce the variation in household DTT and
help improve precision of coefficient estimates because wealth effects only influence the
dependent variable, household DTI, and are not believed to influence income inequality. The
author is unaware of any literature suggesting that wealth effects influence income inequality.
Intuitively, little reason exists to think that wealth effects (driven by rising residential home
prices) would widen income inequality — the value of a household’s home should not influence
that household’s annual income.

Second, controlling for wealth effects allows the researcher to compare the relative
estimates of wealth effects’ and income inequality’s association with household DTI. By
including both income inequality and wealth effects, the researcher can directly evaluate the
relative association between each variable and household DTI. The benefits of improved model
precision plus the ability to compare relative estimates shows how controlling for wealth effects
can further the income inequality/household DTT literature in advanced economies.

Wealth effects controls are underutilized in advanced economy income inequality/DTI

studies. In total, only 9/21 of these studies controlled for some measure of wealth effects. Seven
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studies found a significant, positive association. All seven significant, positive papers included
either housing prices, housing assets, homeownership, or housing capital formation as a wealth
effects measure. However, other papers have found housing prices and homeownership
insignificant (Thompson 2018). While these studies generally point to wealth effects (as
measured by some form of housing variable) significantly, positively impacting DTI, more
research is necessary in different contexts to weigh the relative estimates for income inequality
versus wealth effects.

In addition, wealth effects measures could use more precision. For example, housing
prices indices are useful in the aggregate context, but are imprecise when the household is the
unit of analysis. Not all households are homeowners. Home prices would not measure the wealth
of non-homeowners. Relatedly, homeownership does not precisely capture wealth unless it also
includes a measure of how home value may have varied. Simply owning a home provides less
insight into wealth than how homeowner’s home value has varied over time. Room for
improvement exists, particularly at the household-level unit of analysis.

Finally, future research should control for both financial deregulation and wealth effects.
Unfortunately, among the existing literature, only Bazillier, Héricourt, and Ligonniere (2021)
control for both. No household-level study explicitly controls for both, though three studies of
variation across states control for homeownership and time fixed effects (Carr and Jayadev 2015;
De Stefani 2018; Thompson 2018). To thoroughly examine the inequality/household DTI link, it
should be studied by multiple papers controlling for both financial deregulation and wealth
effects using different income inequality measures, units of analysis, methods, and contexts
(such as different countries and time periods). Additional research will allow for better

determination of the income inequality/household DTTI link by eliminating omitted variable bias
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and weighing income inequality’s contribution to DTI compared to financial deregulation and

wealth effects.

1.5.3 The Intensive Margin of DTI

As noted in section 1.2, the rising trend in household debt has been driven by the
intensive margin. Households with existing debt have taken on additional debt, resulting in larger
intensive margins, and driving the overall debt boom. Measuring income inequality’s association
with the intensive margin captures how income inequality may have influenced the precise type
of debt that has fueled the debt boom. In addition, rising intensive margins have specific
implications for the economy. As the intensity of debtors’ DTI increases, those households are
(1) more likely to be both stressed from a well-being perspective, (2) more likely to spend
income on debt servicing than stimulating aggregate demand, and (3) more fragile financially.
More financially fragile households can threaten macroeconomic stability.

However, only two studies have looked specifically at whether income inequality has
driven the intensive margin of DTI. Carr and Jayadev (2015) specifically study the association
between relative income and the intensive margin, finding a positive association. However, using
the top 20 percent income share, De Stefani (2016) only found a positive estimate for the DTI of
homeowners. More research specifically covering income inequality’s association with the
intensive margin of DTI would provide for additional robustness and nuance in advanced

economy studies of the income inequality/household DTI link.

1.6 Conclusion

This section reviewed historical trends in income inequality and household debt, the

theoretical bases for the income inequality/household debt link, and empirical research
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supporting the link. Income inequality and household debt have both increased dramatically
since around the 1970s in the United States, and these trends are similar in other advanced
economies. Theoretically, income inequality could influence household debt by increasing the
credit supply. Through this credit supply channel, top income earners have marginally higher
savings rates than other income strata. As top income shares rise, savings increases. Increased
savings lowers interest rates, and the financial sector translates these savings into more loanable
funds, increasing household debt. Income inequality could also influence household demand. As
the relative income gap between households and their reference group widens, households could
seek to borrow to close any consumption gap resulting from widening inequality. Both the credit
supply and demand channels could influence household debt at the same time.

Empirical research of the income inequality/household debt link supports an association
at least in part in 33/34 papers reviewed. Of these papers, the link is strongest in advanced
economies when DTI is used to measure household debt. This income inequality/household DTI
link has a consistently positive association in 17/21 advanced economy papers that used DTI as
the dependent variable. The association is less clear for other measures of household debt and in
emerging/developing economies. Despite the robust support for the income inequality/household
DTI link in advanced economies, three major gaps remain. First, studies generally do not control
for financial deregulation, an alternative explanation for increased household DTIs and a
confounding variable. Second, many studies lack controls for wealth effects, another leading
explanation. Third, income inequality’s association with the intensive margin of household DTI

is relatively unexplored. The next chapter examines these gaps.
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Chapter 2: Testing the Income Inequality/Household Debt Link Hypothesis:
Evidence from Household Panel Data and State-Level Data Using
Appropriate Controls

2.1 Introduction

Is rising income inequality in the United States associated with increased household debt-
to-income (DTI) ratios? The literature reviewed in the previous chapter supports the hypothesis
of a positive income inequality/household DTI relationship in advanced economies. This chapter
adds depth to that hypothesis while addressing the three major gaps previously described: (1)
lack of controls for financial deregulation, (2) lack of controls for wealth effects, and (3) lack of
focus on the intensive margin of household DTI as compared with overall DTI. Focusing on the
United States from 1984 to 2005, I employ fixed effects household panel data methods to
examine if various measures of state-level income inequality are associated with households’
intensive margin and overall DTI while controlling for state-level financial deregulation and
state-level wealth effects.

This research design makes several novel and nuanced contributions that address the
three major gaps. First, my fixed effects panel data methods allow more precise household-level
analysis of the income inequality/household DTI link while controlling for both financial
deregulation and wealth effects. In addition to removing the omitted variable bias from financial
deregulation, this approach allows comparisons of the relative contribution of income inequality
to household DTI relative to financial deregulation and wealth effects. Previous household-level
studies have not explicitly controlled for all three.

Moreover, my use of state-level variations in income inequality, financial deregulation,
and wealth effects allows important national-level omitted variables, such as the business cycle,

monetary policy, and financial innovation, to be held constant using time fixed effects. In the
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cross-country context, such variables cannot not be held constant with fixed effects because they
change both over time and across countries. By focusing on the United States using state and
time fixed effects, I allow time-invariant and state-invariant factors to be held constant. Such
procedures make my fixed effects household panel data method closer to the “ideal thought
experiment” of examining variations in the independent variables across households in different
economies while holding all else constant (Mian, Straub, and Sufi 2020). Such methods provide
an effective means to study the statistical and economic significance of income inequality
relative to financial deregulation and wealth effects.

Second, my selection of state-level income inequality variables includes two measures
not previously before used in the income inequality/household DTT literature. The state-level
Gini has not been used before previously, nor has the state-level top 10 percent income share.
Both measures add additional depth and breadth to the literature, especially given the
prominence of the Gini coefficient in the general income inequality literature.

Third, I control explicitly for financial deregulation with a measure that has not been used
before in the income inequality/household DTT literature. I use a deregulation index that exploits
state-level heterogeneity resulting from a major financial deregulation, the Riegle-Neal Interstate
Banking and Branching Efficiency Act of 1994. In contrast, previous cross-country studies have
not focused on specific deregulations. Previous household-level studies used only implicit
controls with time fixed effects, which does not address state-level heterogeneity. Much financial
deregulation in the United States has not been uniform; rather, the policies have allowed
variations across states. My paper fills in part of the state-level heterogeneity gap absent in

previous research.
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Fourth, a new variation to measure wealth effects is employed: the effect of rising real
estate prices on homeowners, measured by interacting a state-level housing price index with
homeownership status. Previous studies have either controlled for homeownership or rising real
estate prices. However, being a homeowner does not measure wealth effects per se because it
does not include a real estate price component. In addition, controlling solely for rising real
estate prices does not impact the wealth effects of non-homeowners. By using an interaction term
to control for the effect of rising real estate prices on homeowners, my variable will provide
better precision.

Finally, I compare the association of income inequality and the other independent
variables with both overall DTI and the intensive margin of DTI. Though the intensive margin
has driven the household DTI boom in the United States, and excessive DTIs are most associated
with financial fragility, crisis, and economic stagnation, use of the intensive margin is scant in
the income inequality/household DTT literature. In addition, I measure overall DTI with the
inverse hyperbolic sine transformation (IHS). The IHS transformation is a useful alternative to a
log transformation when the dependent variable has a value of zero for many observations, such
as my DTI data. Previous income inequality/household DTI research has not used the IHS
transformation. Thus, my methods give a robust examination of how income inequality may be
associated with different DTI measures.

In applying these contributions, I hypothesize that income inequality significantly
contributes to increased household DTI both overall and to the intensive margin, even when
controlling for wealth effects and financial deregulation. Results support this hypothesis, but
only for some inequality measures. The Gini coefficient and top 10 percent income share are

significant, while the top 5 and 1 percent income share are generally insignificant. In addition,
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income inequality has a stronger effect on the intensive margin of DTI (how much is borrowed)

than on DTT in general.

2.2 Background Supporting the Hypothesis

This section explains why income inequality might be associated with household DTT in
the specific context of this empirical study. This specific context examines various measures of
state-level income inequality (Gini coefficient, top income shares) as compared to state-level
financial deregulation and wealth effects, and these variables’ household-level association with
both the intensive margin as well as overall DTI. Certainly, the weight of the literature reviewed
in the previous chapter supports the general hypothesis that income inequality is positively
associated with household DTI in advanced economies. This association comes from either
income inequality increasing savings of rich households and augmenting the credit supply, from
households demanding more credit to attempt to keep up with a (richer) reference group, or both.
However, in the context of this study, certain nuanced questions exist: Why would income
inequality be associated with the intensive margin of household DTI? Why would state-level
income inequality have an unconditionally positive association (as opposed to a mixed or an
insignificant association)? Why would income inequality have a significant association in the
face of financial deregulation and wealth effects? Possible reasons are explained below.

First, I hypothesize income inequality to be associated with both the intensive margin as
well as overall DTI. We know from the previous chapter that income inequality and overall DTI
have both increased at a similar rate in the United States since the 1970s. We also know that the
intensive margin drove the rise in overall DTI. Since the intensive margin drove the rise in
overall DTI, one would expect income inequality also to be associated with the rising intensive

margin.
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Second, I expect income inequality’s association with the intensive margin and overall
household DTI to be positive. Although the weight of the advanced economy research supports a
positive association, it is possible that the state-level income inequality measures I employ do
not. State- and local-level income inequality measures were employed in the few advanced
economy studies that found mixed results, specifically in the United States (De Stefani 2018;
Thompson 2018; Coibion et al. 2020). These studies indicated a credit rationing effect, where
income inequality increased DTI of middle and upper-middle income households but decreased
DTI of lower income strata. However, given that Coibion et al. found rationing only at the local
(and not state) level, and the general weight of previous research is in favor of a positive
association, I predict a positive association as well.

Third, income inequality should still be significantly associated with household DTI even
in the presence of controls for financial deregulation and wealth effects. The only previous study
to control for all three variables found a significant, positive association for income inequality in
the cross-country context (Bazillier, Héricourt, and Ligonniere 2021). I do not expect household-
level, United States data to alter the basic result.

In addition, I hypothesize income inequality to have a stronger association than financial
deregulation specifically (or at least inequality is more likely to be significant). The only two
previous studies to control for both income inequality and financial deregulation (and used the
identical deregulation measure) found deregulation’s association to run in opposite directions.
However, both studies found income inequality to have an unconditionally positive association
(Perugini, Holscher, and Collie 2016; Bazillier, Héricourt, and Ligonniére 2021). Given this
dichotomy, I expect income inequality to have a more consistent and significant association with

on household DTI.
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Finally, I predict that income inequality will still have a significant, positive association
in the face of the wealth effects controls. In the eight papers that control for wealth effects with
homeownership status or housing prices, most find that income inequality is still a significant,
positive DTI stimulant. However, of the three household-level papers that use state-level
inequality data (Carr and Jayadev 2015; De Stefani 2018; Thompson 2018), the latter two papers
find a credit rationing effect. While credit rationing is possible, I anticipate an unconditionally

positive link given that the weight of the evidence.

2.3 Data

I utilize household-level debt, income, and demographic data from the Panel Study on
Income Dynamics (PSID) in addition to state-level income inequality, financial deregulation, and
real estate price data (each state-level variable from a different source). The PSID tracks
respondents’ state of residence, allowing for study of the state-level variables on households in
each state. The use of the PSID household-level data with state-level independent variables
permits me to study the association between state-level variables and actual households’ DTI
while controlling for other household-level demographics. With panel data, I can track the same
families over time, and thus examine how changes in the state-level independent variables are
associated with the same households’ DTIs over time.

The PSID is a longitudinal survey that began in 1968 and was created originally to study
income and poverty but has since expanded to include other areas including wealth and
expenditures. The survey contains much demographic information in addition to information on
income and debt. The PSID provides nationally representative panel data, making it the highest
quality household data available to study the income inequality/household DTT link. The study

initially included roughly 5,000 families and 18,000 individuals but has expanded over time. As
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of 2017, the study includes over 77,000 individuals from more than 11,000 families with up to
six generations represented within sample families.’

The PSID is a preeminent longitudinal survey. It has been said to have an “unmatched”
record of “providing data for seminal research” (Schoeni and Wiemers 2015). Part of the PSID’s
quality is due to its high response rate, around 95-98 percent in virtually every wave since its
inception, which is among the highest of any national survey globally (Schoeni et al. 2013;
Schoeni and Wiemers 2015). An additional contributing factor to the PSID’s high quality is that
the survey retains “splitoff” families when individuals leave PSID households and form new
households. Despite attrition, the retention of splitoff households has allowed the PSID to remain
representative of the population of the United States (Moffitt and Zhang 2018).

Like all panel data, the PSID does suffer from attrition. The highest attrition rate, roughly
12 percent, occurred in the second wave of the survey. By the 215 wave, only about half the
original sample remained, and that number dropped to 38 percent by 1997 (Ibid). Despite the
high attrition of initial sample members, adult children with their own households have a
significantly lower attrition rate than these first wave members (Schonlau, Watson, and Kroh
2011). Most attrition has been due more to family nonresponse than death or a move that could
not be tracked (Fitzgerald, Gottschalk, and Moffitt 1998a). Attritors are more likely to be non-
white, less educated, lower income, non-homeowners, and receive government assistance.
Married or older respondents are less likely to attrit (Fitzgerald, Gottschalk, and Moffitt 1998a;
1998b; Zabel 1998), as are high-income adult children with high-income parents (low-income

adult children with low-income parents are more likely to attrit) (Schoeni and Wiemers 2015).

5 Children born to sample members become sample members themselves. The PSID has also
taken refresher samples that include immigrants to maintain national representativeness.
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Attrition can bias results if the determinants of attrition are related to the topic of study. In this
paper, DTIs are certainly related to the factors linked to attrition in the above paragraph.

However, additional research suggests that such PSID attrition should not bias this paper.
In fact, “published studies of PSID data quality are numerous and generally reassuring” (C.
Brown, Duncan, and Stafford 1996). For example, despite identifying the above selective
attrition, both Fitzgerald et al. (1998b) and Zabel (1998) found that such selectivity explained
very little sample attrition, did not find evidence of bias, and noted that that the sample is
generally representative of the United States population. Additional research has noted that
attrition has not resulted in significant bias (Becketti et al. 1988; Lillard and Panis 1998; Schoeni
and Wiemers 2015). The PSID has compared well with the Current Population Survey of the
Census Bureau and Bureau of Labor Statistics (Morgan 1979; Becketti et al. 1988; Duncan and
Hill 1989; C. Brown, Duncan, and Stafford 1996; Grieger, Schoeni, and Danziger 2009), with
some research finding no statistical difference (Fitzgerald, Gottschalk, and Moffitt 1998b),
except in the tails of the income distribution due to smaller samples sizes (Gouskova and
Schoeni 2007; Moffitt and Zhang 2018). Similarly, the PSID compares well with the Consumer
Expenditure Survey (G. Li et al. 2010; Andreski et al. 2014).

The PSID is a preferred alternative to the other option for studying household DTTI at the
state level, the Survey of Consumer Finances (SCF). The SCF and the PSID are the two available
datasets that provide state-level information about both household debt and household income to
calculate DTI. However, the SCF is not panel data, unlike the PSID. In addition, the SCF
contains an oversampling of high wealth households. In contrast, the PSID contains an
oversample of lower income earners (as the study was originally intended to study poverty

dynamics). As a result, estimates of mean and median net worth are respectively 31 and 6

59



percent higher for the SCF than the PSID, with the largest differences concentrated in the top 1-2
percent of households (Pfeffer et al. 2016). For the purposes of this paper, the oversample of
high wealth households is less desirable than an oversample of lower income earners. As
reviewed in chapter 1, the top 1-2 percent of households have had the smallest increases in DTI
while driving income inequality. In contrast, households in the upper-middle through lower ends
of the distribution are more likely to have larger DTIs, hypothesized to be influenced by
widening income inequality. Adding the fact that the PSID is panel data and the SCF is not, the
PSID is a more advantageous choice for this chapter.

While the PSID primarily tracks individuals, it gathers large amounts of family-level
data. In fact, the bulk of the data categories are family-level data, but these data are tracked
through individuals. PSID family-level data are analogous to household data. By tracking data at
the family level, particularly DTI, I can focus on household-level changes. My sample is
constructed using the PSID’s standard methodology to track families over time by constructing a
head of household/reference person file.* However, this method comes with one caveat: the head
of household is not necessarily the same person in each wave of the PSID. If a head were to
leave the family, either by death or otherwise, a new family member would be assigned the role
of “head.” Although the person designated “head” or “reference person” may change over time,
the PSID’s standard method is the primary way to ensure that only one observation per family is
included to avoid duplicate counting of families and biasing the data.

Though it is possible to follow the same individual longitudinally over a period of years,

such a method is fraught with difficulty. Here, where the research design is to follow families

¢ Basic instructions are available online in the PSID’s frequently asked questions, “How do I

assemble a Reference Person/Spouse file from an individual file? (the term ‘Reference Person’

has replaced ‘Head’ in 2017?)” available at https://psidonline.isr.umich.edu/Guide/FAQ.aspx.
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and have only one observation per family, it is difficult to identify families who have multiple
adult members with the PSID “gene.” If multiple PSID members from the same family are
included in the study, the data are biased by including multiple individual entries referencing the
same family information. Even if such multi-PSID member families are correctly identified, one
then must make difficult decisions about which individual to follow and which to drop.

Instead, constructing a sample of heads of household is an effective way to track families
when one wishes to use only family-level data. Since the family-level answers are the same for
each member of the family, it should make no practical difference whether one follows families
by following the same individual over time, or whether one constructs the standard head of
household sample. Consequently, I use the standard method.

Data used comes specifically from the PSID’s wealth supplements collected in 1984,
1989, 1994, 1999, 2001, 2003, and 2005. The wealth supplement contains debt data needed to
construct DTI ratios. It began in 1984 as a five-year supplement. Beginning in 1999, the wealth
supplement was included in each wave of the PSID, which means that biennial data are available
from 1999 on. Utilizing data spanning 1984-2005 allows study of a roughly twenty-year span
when both income inequality and household DTI were rapidly increasing. In addition, these
years also correspond with rising home prices as explained by Bartscher et al. (2020). Finally,
this is the same time span Brown, Gray, and Montagnoli (BGM) (2019) used to study the
association between Riegle-Neal Act deregulation on household DTI. In fact, BGM also used the
PSID for their research, meaning this study and BGM are using the same data set. Such
similarities allow for analysis of the relative coefficient estimates for income inequality, wealth

effects, and financial deregulation, and to compare these estimates to related research.
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The sample is an unbalanced panel of 14,716 family heads of household and 43,868
observations. The panel becomes unbalanced due to dropping panelists in certain years where
data are missing for independent variables. This sample includes family heads between the ages
of 20-65 to eliminate retirees who likely have lower DTI ratios. This is a common age range used
by others investigating income inequality/household debt questions (Coibion et al. 2020).

Like the PSID as a whole, my sample does suffer from considerable attrition over time.
Out of 14,716 panelists, 9,033 (61.38 percent) never attritted, and 5,683 (38.62 percent) attrited
at some point. The attrition rate is high because it includes panelists who dropped out of the
sample when they ceased to be the head of household (even if the panelist remained part of the
PSID).” Even though these panelists may not have technically attrited from the PSID, they are no
longer in this particular sample. Similarly, individuals who have aged beyond the age-65 ceiling
on the sample also no longer remain in the sample but remain in the broader PSID. These “aged-
out” panelists total 1,405 (9.55 percent). The “aged-out” panelists in addition to the attritors form
the sum total of panelists (7,088) that exited the sample prematurely for one reason or another.
“Aged-out” panelists were not counted with the attritors because they are categorically different
from the attritors and remain in the full PSID while, as noted in footnote seven, it is not readily
computable to distinguish in my sample panelists who formally attrited from those who simply
ceased to be heads of household but remained in the full PSID. Ultimately, many panelists are no
longer in the sample due to ceasing to be heads of household, exceeding the max age of the

sample, or actual attrition from the PSID.

7 When using family-level data, separating panelists who ceased to be head of household from
those who formally attrited from the entire PSID was not readily computable.
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Despite the large number of panelists exiting the sample, a similarly large number of
panelists also joined the sample over time. Approximately 8,875 panelists (60.31 percent)
entered the panel sometime after the first wave of the sample in 1984. These “joiners” either
entered my sample because they became a head of household, either by splitting off from an
existing PSID household, or by a reordering of who was head within an existing household. In
addition, sample members may have joined by an immigrant refresher sample between 1997 and
1999.

Between those entering and exiting the panel, the total number of panelists remained
relatively stable in any given year with an average of 6,267 panelists and a range between 5,694
and 7,119. Despite the entry and exit out of the sample, the sample retained its panel format of
repeated observations over multiple waves. Both the mean and median number of waves for a
panelist was three.

Logistic regression shows that demographic characteristics of attritors from the sample
are similar to previous findings about the PSID as a whole. Table 2.1 uses previously mentioned
variables analyzed for the PSID as a whole. These variables include race of the head of
household (dummy variable whether respondent was white/Caucasian, non-Hispanic), education
level of the head, real household income, homeownership, age of the head, age squared, and
marital status of the head. Attrition is a dummy variable that takes a value of 1 for attritors. Like
in studies of attrition in the whole PSID, attrition in this sample is associated more with panelists

who are lower income, lower educated, non-white, and non-homeowners.
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Table 2.1. Association between Sample Attrition and Demographic Variables
Dependent Variable: Attrition
Logistic Regression

Homeownership -0.221%%*
(0.000)

In Income -0.075%**
(0.000)

Age 0.109%**
(0.000)

Age? -0.002 %%
(0.000)

Race (White) -0.088***
(0.001)

Education -0.234%**
(0.000)

Married 0.003
(0.908)

Constant 2.919%**
(0.000)

Observations 42,020

For my regressions, relevant variables from the PSID include, in addition to the
homeownership, income, age, race, education, and marital status variables noted above,
measures of debt, state of residence, sex of the head, employment status of the head, household

size, and the number of children in the household.

2.3.1 Dependent Variable: Household-Level DTI

This chapter focuses on household-level DTT (or “family-level” as defined by the PSID)
as the relevant dependent variable of interest. As explained in the previous chapter, the income
inequality/household DTTI link is the most frequently studied, but still has outstanding empirical
questions. The purpose of this chapter is to examine some of those questions. DTI is most
frequently studied because of data availability and because it can be linked to negative
consequences such as, among others, financial fragility and crisis (e.g. Kumhof et al. 2015).

However, as noted before, PIRs are arguably just as useful if not more than DTI, particularly for
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household financial fragility. Households with higher PIRs have less disposable income and are
more susceptible to financial hardship in the event of a loss of income. Comparing the
association between both DTI and PIR (on the left side), and income inequality, financial
deregulation, and wealth effects (on the right side) would be useful and fruitful. However, PIR
data is not available in the PSID, and for reasons mentioned previously, the PSID provides a
better-quality data source than other alternatives.

The PSID contains several debt categories in addition to a family-level annual income
variable to allow the researcher to calculate family-level DTI. DTI is calculated by taking the
sum of various debt categories and dividing them by total family income. The two debt
categories available during the 1984-2005 period are mortgage debt and “other debt.” Both
measures are family-level variables. Mortgage debt includes both first and second mortgages.
Until 1994, all mortgage debt was included in one variable. From 1994 on, one variable exists
for first mortgages and another variable measures second mortgages. In addition, “other debt”
asks about “any other debts” and specifically references “credit card charges, student loans,
medical or legal bills, or loans from relatives.” Notably, the question does not reference vehicle
debts explicitly. Asking about “any other debts” could lead some respondents to include vehicle
debts or any other debt not referenced in the question prompt. However, the debts captured by
the “other debt” variable are most likely to be those examples included in the question prompt.
The PSID’s coverage of debt categories is virtually the same as the SCF (although the SCF
explicitly covers vehicle debt). Nevertheless, the possible omission of vehicle debt is minimal.
(Carr and Jayadev 2015; Bartscher et al. 2020), and any omission would understate DTI (and

likely the independent variables’ association with DTI). The combination of the explicitly
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referenced “other debts” plus mortgage debt provides good coverage of the debt profile of
households.

The income variable measures total family income from the previous year. Total family
income includes the sum of taxable income and transfers for all members of the family unit. By
including transfer income, this variable is well calibrated for this study. DTI before transfers
would inflate families’ level of financial fragility because it would deflate the denominator.
Factoring transfers into income gives a better picture of the funds available to service debts. In
addition, post-transfer income as a control variable is appropriate because individuals are less
likely to turn to borrowing when they instead receive transfers. Pre-transfer income would again
deflate households’ true financial resources. Thus, the PSID’s use of post-transfer taxable
income is appropriate for this study.

The PSID bottom coded income at $1 until 1994. This bottom coding eliminated
respondents reporting negative or zero income. The PSID notes that negative income is due to
business or farm losses. In this context, bottom coding is reasonable because the families likely
had access to some financial resources and did not truly have no or negative income, but, from
an accounting perspective, business or farm loss wiped out income used for living expenses.
However, the PSID makes no such farm/business losses in reference to families with zero
income (just negative income), so it is possible for some families to have no income for other
reasons. To maintain consistency, I bottom code income at $1 for the remaining waves. This

number dips to a minimum of $0.88 after adjusting for inflation to year 2000 dollars.

2.3.2 Other Demographic Controls from PSID

I also utilize several demographic controls from the PSID. I include a measure for the age

of the head of the household. Due to the nature of the life cycle, debt changes with age. Families
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headed by younger adults are more likely to have larger DTIs than families headed by persons
nearing retirement age. [ also include controls for household size and the number of children in
the household. Larger households and more children likely translate into larger DTIs.

Race is a dummy variable indicating whether the head of household is white, non-
Hispanic. Race is coded this way due to shifting definitions of other racial categories across the
time studied. “White, non-Hispanic” is the only category the PSID defines consistently.

Sex is a dummy variable that takes a value of “1” for female-headed households.
However, this designation does not include females who headed households in a heterosexual
marriage. During the relevant period, the “head of household” in a heterosexual married couple
was designated automatically by the PSID as the male husband. This coding decision is
consistent with the Census Bureau definitions during the same period. Consequently, my dummy
variable for female-headed households references all households headed by women, except
households consisting of a married heterosexual couple. For heterosexual married households, it
is not otherwise possible to determine whether the husband or wife would subjectively be
considered the “head.” Thus, female-headed households consist of households headed by single
women, female PSID gene members who cohabitate with persons of either sex, and possibly in
very limited circumstances, married female homosexual couples.®

My educational-level variable is measured on a 1-4 scale where “1”” equals less than high

school, “2” equals high school graduate, “3” equals some college, and “4” equals college

8 Massachusetts became the first state to legalize gay marriage in 2004. Also in 2004, a very
limited number of marriage licenses were granted in local jurisdictions in California, New
Mexico, New York, and Oregon. Since this study uses PSID data through the 2005 wave, it
could be possible for a PSID gene holder to be a female in a married homosexual couple.
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graduate and above. Due to student loans, college graduates and above likely have more debt, but
also higher incomes depending on their employment status and career choice.

I also use dummy variables for employment status: employed, unemployed, and not in
the labor force. These variables track only the employment status of the head of household. The
category of “not in the labor force” is omitted in the regressions to avoid collinearity.

In addition, I include dummy variables that track marital status: married, single,
divorced/separated, and widowed. The “single” variable is omitted due to collinearity as well.

Finally, a dummy variable for homeownership status is used. As noted further in this
chapter, the homeownership indicator is used to interact with rising real estate prices to measure

wealth effects.

2.3.3 Independent Variable: Income Inequality

Income inequality variables come from administrative data calculated at the state-level by
Frank (2015). The data are yearly data compiled with IRS income tax filings. Administrative tax
records generally are regarded as the best source for such information (Piketty and Saez 2003). I
use four different measures of state-level income inequality: the Gini Coefficient, and the top 10,
5, and 1 percent income shares.

These are generally the most used income inequality measures in the inequality/DTI
literature. In fact, the Gini coefficient and the top 1 percent income share are the two most
common measures. However, the state-level Gini coefficient has not been used previously in
household-level studies. Using a state-level index, particularly the most common income
inequality index, adds breadth to the literature. In addition, the state-level top 10 percent income

share has not been used previously in the household context.
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Adopting various measures of top income shares provides detail about how nuances in
measurement matter for the inequality/household DTI link. These nuances could provide hints
about possible empirical channels. For example, under a credit supply theory, one may expect
the top 1 percent to have a larger or more significant association than the top 10 percent because
the top 1 percent has a higher savings rate. In contrast, the top 10 percent may engender more
relative comparisons from upper-middle income earners, supporting a demand effect. Ultimately,
the four measures chosen balance breadth with parsimony. ’

Using state-level inequality data as opposed to country-level inequality data also provides
certain advantages. State-level income inequality permits evaluations of more localized income
inequality. For example, through the credit demand channel, relative income concerns may more
prominent at a more local rather than national level because reference groups tend to be more
localized. Stronger state-level relative income concerns could translate into aggregate income
inequality measures being associated with larger or more significant changes in household DTI
at the state level.

Finally, state-level data are also necessary for my fixed effects panel data design. State-
level data allow the use of time fixed effects to hold national-level macroeconomic changes
constant. Comparing the association between various state-level variables on households residing
in each state fosters comparisons of various changes in income inequality on households in

similarly situated economies.

° Additional measures such as Yitzhaki indices could be useful for additional research. The
Yitzhaki index measures the cumulative difference between respondents’ income and the
(higher) incomes of others within a reference group divided by the size of the reference group,
and are calculated at the individual level.
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2.3.4 Independent Variable: Financial Deregulation

To capture state-level heterogeneity in financial deregulation, I use a deregulation index
that measures state variation in banking deregulation following the Riegle-Neal Act. Congress
enacted the Riegle-Neal Act in 1994. This legislation repealed the McFadden Act, which since
1927 had prohibited geographic expansion of banks across state lines. Prior to the Riegle-Neal
Act, out-of-state banks could enter a state only by (1) purchasing an existing in-state bank, and
(2) only if a bilateral agreement existed between states to permit such purchases. The Riegle-
Neal Act allowed unrestricted interstate banking and allowed banks to open branches across state
lines. However, states were still permitted to have restrictions in up to four areas: (1) acquisition
of branches without acquiring an entire bank, (2) minimum age of the targeted institution (5
years, 3 years or less), (3) de-novo interstate branching, and (4) statewide deposit caps.

Rice and Strahan (2010) originally developed a time-varying regulation index on a 0-4
scale to evaluate state variation in Riegle-Neal Act restrictions. A value of “0” indicated a fully
deregulated state, and “4” equaled a fully regulated state. For ease of interpretation in measuring
a one unit increase in deregulation, I reverse the index, following Brown, Gray, and Montagnoli
(2019). The index takes a value of zero when a state has restrictions in all four areas and a value
of 4 when a state is fully deregulated. Prior to the enactment of Riegle-Neal, all states have a
value of zero. Between 1994 and 2005, states altered their restrictions at various times. Table 2.2
below indicates the index value and effective date(s) for each state after the enactment of Riegle-

Neal.
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Table 2.2. Deregulation Index for Interstate Branching

State Deregulation | Effective State Deregulation | Effective
Index Value | Date Index Value | Date

Alabama 1 5/31/1997 | Nevada 1 9/29/1995
Alaska 2 1/1/1994 New Hampshire | 0 6/1/1997
Arizona 1 9/1/1996 New Hampshire | 3 8/1/2000
Arizona 1 8/31/2001 | New Hampshire | 4 1/1/2002
Arkansas 0 6/1/1997 New Jersey 3 4/17/1996
California 1 9/28/1995 | New Mexico 1 6/1/1996
Colorado 0 6/1/1997 New York 2 6/1/1997
Connecticut 3 6/27/1995 | North Carolina | 4 7/1/1995
Delaware 1 9/29/1995 | North Dakota 1 5/31/1997
District of 4 6/13/1996 | North Dakota 3 8/1/2003
Columbia
Florida 1 6/1/1997 Ohio 4 5/21/1997
Georgia 1 6/1/1997 Oklahoma 0 5/31/1997
Hawaii 1 6/1/1997 Oklahoma 3 5/17/2000
Hawaii 4 1/1/2001 Oregon 1 7/1/1997
Idaho 1 9/29/1995 | Pennsylvania 4 7/6/1995
Ilinois 1 6/1/1997 Rhode Island 4 6/20/1995
Illinois 4 8/20/2004 | South Carolina | 1 7/1/1996
Indiana 4 6/1/1997 South Dakota 1 3/9/1996
Indiana 3 7/1/1998 Tennessee 1 6/1/1997
lowa 0 4/4/1996 Tennessee 2 5/1/1998
Kansas 0 9/29/1995 | Tennessee 3 7/1/2001
Kentucky 0 6/1/1997 Texas 0 8/28/1995
Kentucky 1 3/17/2000 | Texas 2 9/1/1999
Louisiana 1 6/1/1997 Utah 2 6/1/1995
Maine 4 1/1/1997 Utah 3 4/30/2001
Maryland 4 9/29/1995 | Vermont 2 5/30/1996
Massachusetts 3 8/2/1996 Vermont 4 1/1/2001
Michigan 4 11/29/1995 | Virginia 4 9/29/1995
Minnesota 1 6/1/1997 Washington 1 6/6/1996
Mississippi 0 6/1/1997 Washington 3 5/9/2005
Missouri 0 9/29/1995 | West Virginia 3 5/31/1997
Montana 0 9/29/1995 | Wisconsin 1 5/1/1996
Nebraska 0 5/31/1997 | Wyoming 1 5/31/1997

Both Rice and Strahan (2010) and Brown, Gray, and Montagnoli (2019) found significant

results using this index. Rice and Strahan (2010) found that the Riegle-Neal Act increased the

number of bank branch openings. Subsequently, Brown, Gray, and Montagnoli (2019) found that

this legislation resulted in an exogenous increase in both household DTT and the amount of
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household debt in states with greater deregulation. Thus, this specific index has been found to be
significantly associated with household DTI in previous literature, making it a good control
variable to weigh against income inequality.

In fact, including a financial deregulation index as a control variable borrows from
related income inequality literature. Mian, Straub, and Sufi (2020) use a similar deregulation
index as a control variable when measuring the association between state-level income inequality
on savings. | follow in the spirit of Mian, Straub, and Sufi by using a deregulation index as a

control variable to weigh against my primarily independent variable of income inequality.

2.3.5 Independent Variable: Wealth Effects

Wealth effects are controlled for using a state-level housing price index interacted with
homeownership status. I use the state-level housing price index compiled by the United States
Federal Housing and Finance Agency (FHFA) as described in Bogin, Doerner, and Larson
(2016). Data are adjusted for inflation to the year 2000. Homeownership status comes from the
PSID, as indicated above.

This interaction variable measures the effect of rising house prices on homeowners. The
interaction captures wealth effects because homeownership is necessary to take advantage of a
rise in house prices. Homeownership by itself may provide some indication of wealth effects but
is not able to measure trends as home prices change. Conversely, rising home prices measure
trends in potential housing equity changes, but these changes would only affect the wealth of
homeowners. Rising house prices do not capture the wealth of renters. Measuring the effect of

rising house prices on homeowners is a more precise measure of wealth effects.
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2.3.6 Summary Statistics

Summary statistics for the variables appears in Table 2.3. The household-level financial
variables provide a robust span. DTI run from 0 (families with no debt) to 609,000 (likely a
family with effectively zero income due to farm/business loss and a lot of debt). The average
DTT is 129. Income runs from the bottom-coded $0.87 to $4,797,873, showing a large range,
with an average family income of $53,287.63. The average head of household was a 40-year-old,
employed, married, white male with a high school degree or some college education. The

average family size was approximately three persons containing one child.

Table 2.3 Summary Statistics
Variable Observations | IDs Mean Std. Dev. | Min Max
DTI 43,868 14,716 | 129.405 5557477 | 0 609,000
Gini 43,868 14,716 | 0.569 0.041 0.467 | 0.677
Top 10% Share 43,868 14,716 | 41.612 4.800 29.129 | 59.372
Top 5% Share 43,868 14,716 | 30.102 5.101 18.839 | 49.444
Top 1% Share 43,868 14,716 | 15.663 4.265 8.171 | 33.295
Deregulation 43,868 14,716 | 1.111 1.478 0 4
House Price Index 43,868 14,716 | 95.311 30.302 40.41 | 201.55
(HPI)
Homeownership 43,865 14,715 | 0.549 0.498 0 1
Income 43,868 14,716 | 53,426.87 | 70,800.15 | 0.882 | 4,849,463
Age 43,868 14,716 | 39.731 11.474 20 65
Race (White) 43,371 14,583 | 0.597 0.491 0 1
Sex (Female) 43,868 14,716 | 0.274 0.446 0 1
Education 42,154 14,334 | 2.429 1.049 1 4
Employed 43,842 14,711 | 0.810 0.392 0 1
Unemployed 43,842 14,711 | 0.068 0.252 0 1
Household Size 43,868 14,716 | 2.886 1.510 1 13
Number of Children | 43,868 14,716 | 1.028 1.215 0 9
Married 43,857 14,713 | 0.538 0.499 0 1
Divorced/Separated | 43,857 14,713 | 0.207 0.405 0 1
Widowed 43,857 14,713 | 0.031 0.173 0 1
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2.4 Methods

I adopt the following fixed effects specification:!?

(2.1) DTl =65 + vy + BiIneqs, + ByDeregg + P3HPI + B,OwnHome; s+ +
PsHPIg, X OwnHome; s + BeInc; ¢ + f7Xi st + €5t

The dependent variable, DTT;,, is the DTI for the ith respondent in state s at time 7. As
explained below, I use specifications with a household’s overall DTI in addition to the intensive
margin of DTL. Inegq;,: includes various measures of income inequality: Gini coefficient, top 10,
5, and 1 percent income share in each state s at time ¢. Deregs, is the value of the Riegle-Neal
Act deregulation index in state s at time ¢. HPI; measures the FHFA’s home price index in state
s at time £. OwnHome; s, is a dummy variable with a value of 1 if the i household in state s owns
a home at ¢ time. The interaction term, HPI;; x OwnHome, s measures the effect of home prices
on homeowners, capturing the wealth effect. Inc;,, is the natural log of real income for the ith
respondent in state s at time .

Xis1s a vector of demographic variables that includes household size, the number of
children in the household, and variables pertaining to the head of household: age, age squared,
race, educational level, employment status, and marital status.

Finally, state and year fixed effects, ds and vy, are included. Standard errors are clustered
at the state level. As noted previously, the state and year fixed effects hold constant all other
time-invariant and state-invariant factors. In particular, the time fixed effects control for other
national-level factors that do not vary across states, such as the national business cycle, financial

innovations, and the monetary environment. State fixed effects control for time-invariant factors

10 A mixed effects model with crossed random effects was also run, and results in the next section
were robust to this model as well. Mixed effects results are available from the author.
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that differ across states. These factors could include, for example, differing cultural norms across
states, or geographic or environmental factors that could affect each state’s economy differently,
but remain constant over time.

A limited number of panelists moved states at some point in time during the study period.
Of the 14,716 panelists, only 1,426 families ever moved across state lines. Since the regression
equation measures the relationship between the independent variables and the i household in
state s at time ¢, the i mover would be associated with the corresponding independent variables
for whichever state household i is residing in at time ¢.

I use two different specifications of equation (1). One specification uses the natural
logarithm of DTI for the dependent variable, and the other specification uses the IHS
transformation of DTI. The natural logarithm of debt is commonly used in the inequality/DTI
literature, particularly in country and cross-country studies, but also in household studies (e.g.
Carr and Jayadev 2015). However, in the sample used here, approximately 3,000 panelists’ DTI
is zero in at least one period due to lack of debt (as explained above, no panelists have zero
income). In the natural logarithm specification, these panelists are dropped from the model since
the natural logarithm of zero is undefined. Thus, the natural logarithm specification considers
only panelists with existing debt.

However, by measuring only panelists with existing debt, the natural logarithm
specification is relevant because it measures changes in the intensive margin of debt, i.e., how
much is borrowed by indebted households. The intensive margin contrasts with the extensive
margin, i.e., how many households have any debt versus no debt. Dropping households with zero

debt effectively drops changes in the extensive margin, leaving only intensive margin changes.
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In the alternative, to allow for analysis of the full sample including those households

without debt, an IHS transformation is used. The formula for the IHS transformation is:

(2.2) IHS(y) =log (//y?+1+y)

The IHS transformation allows for the occurrence of zeros. Coefficients and elasticities generally
can be interpreted the same as the logarithmic transformation. Like log-linear models, the semi-
elasticities for an IHS-linear model can be interpreted as the percentage change in the IHS-
transformed dependent variable resulting from a unit change in the independent variable
(Bellemare and Wichman 2020).

Empirically, the IHS transformation provides all the benefits of a log transformation
without dropping households with zero debt. The IHS transformation differs from the log
transformation because the IHS transformation allows for measurement of households with zero
debt as well as some amount of debt. By including both zero debt households as well as
households with existing debt, the IHS transformation captures the debt status and amount of all
households — both the extensive margin (households going from zero debt to some amount of
debt) and the intensive margin (households increasing the intensity of existing indebtedness). As
such, the IHS transformation measures overall DTI while the log transformation measures only
the intensive margin.

IHS transformations have been used frequently in economics journals and by the Federal
Reserve (Friedline, Masa, and Chowa 2015; S. Brown, Gray, and Montagnoli 2019). However,
no household-level study in the reviewed income inequality/household DTI literature used an
[HS-transformation in lieu of a log transformation to address the issues of zero-debt households.
Using the IHS to log-transform DTI at the household-level makes the measure comparable to

natural-log transformed studies at the aggregate-level. These aggregate-level studies can log
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transform DTI without worrying about observations with zero debt because all country-level or
state-level DTI statistics show some debt held by households. Thus, the use of both THS-
transformed and natural log-transformed DTI provide good complements to study households’

overall DTT and intensive margin of DTI within this data set.

2.5 Results

Results show that income inequality is significantly, positively associated with both the
intensive margin and overall DTI. However, results reveal two nuances: (1) the association is of
a larger magnitude and more significant for the intensive margin; (2) only the Gini coefficient
and the top 10 percent income share are statistically significant for both DTI measures. The Gini
coefficient and top 10 percent income share have p-values less than 0.01 in the intensive DTI
specifications, but only less than 0.05 in the overall DTI specifications. In comparison, the top 5
and 1 percent are only weakly (p<0.10) associated with increased intensive margin and are not
associated with overall DTI (p>0.30). The association for both the Gini and top 10 percent share
are also much stronger and of a larger magnitude for the intensive margin. A one standard
deviation increase in the Gini coefficient is associated with a 15.1 percent increase in intensive
DTI and only a 3 percent increase in overall DTI. Similarly, a one standard deviation increase in
the top 10 percent share is associated with approximately a 6.8 percent increase in intensive DTI
while the increase for overall DTI is only 1.4 percent. Comparatively, Riegle-Neal Act
deregulation is not significantly associated with intensive DTI but is significantly associated with
increased overall DTI. Finally, wealth effects have a significant, positive association in both
specifications.

Table 2.4 provides results for the associations between of income inequality,

deregulation, and wealth effects, and the natural logarithm of household DTI, which is the
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measure of the intensive margin. As hypothesized, income inequality has a significant, positive
association with household DTTI for the Gini coefficient and top 10 percent income share
(p<0.01). Results for the top 5 percent and 1 percent income share are weaker, with the top 5
percent just short of the 0.05 threshold (p=0.057) and the top 1 percent closer to 0.10 (p=0.083).
The key wealth effects variable, HPI*Homeownership, also shows a significant, positive
association in each iteration at the 0.05 level of significance. Homeownership alone is positive
and highly significant (p=0.000), but HPI alone is insignificant, confirming that housing prices
only have a wealth effect for homeowners. However, Riegle-Neal Act deregulation is
insignificant in these models.

The other control variables behave generally as expected. For example, DTI decreases as
income increases. Due to enhanced access to credit, being white is associated with higher DTTs.
Education level also is positively associated with DTI, ostensibly because those household heads
with more education likely have greater access to credit as well.

The economic significance of the income inequality and wealth effects variables are also
meaningful. A 0.01 increase in the Gini coefficient is associated with a 3.67 percent increase in
the intensive margin. Similarly, a unit increase (one percent) in the top 10 percent income share
is associated with a 1.4 percent increase in intensive DTI. While the top 5 and top 1 percent
income shares are of lesser significance, a one percent increase in each is associated with
approximately a one percent increase in intensive household DTI. With respect to wealth effects
for homeowners, a unit increase in the HPI increases the intensive margin by about 0.2 percent.
These coefficients show a large and significant association between income inequality, most

heavily the Gini coefficient, and household DTI.
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Table 2.4. Association between Income Inequality and Intensive Margin Household DTI

Dependent Variable: Ln Household DTI | State and Year Fixed Effects

(1) 2) 3) 4)
Gini Top 10% Top 5% Top 1%
Income Inequality 1.541%**% 1 0.014*** | 0.010* 0.011*
(0.006) (0.006) (0.057) (0.083)
Deregulation 0.016 0.016 0.016 0.017
(0.197) (0.179) (0.178) (0.177)
House Price Index (HPI) 0.000 -0.001 -0.001 -0.001
(0.861) (0.171) (0.245) (0.280)
Homeownership 2.072%%% 1 2.074%*%* | 2.074%*F* | 2.074%**
(0.000) (0.000) (0.000) (0.000)
Homeownership*HPI 0.002** 0.002** 0.002** 0.002**
(0.019) (0.020) (0.020) (0.020)
In Income -0.827%F* | 0.827*** | -0.827*** | -(0.827***
(0.000) (0.000) (0.000) (0.000)
Age 0.073*** | 0.073*** | 0.073*** | 0.073***
(0.000) (0.000) (0.0000) (0.000)
Age? -0.001%** | -0.001*** | -0.001*** | -0.001***
(0.000) (0.000) (0.000) (0.000)
White 0.116%** | 0.116*** | 0.116*** | 0.116***
(0.001) (0.001) (0.001) (0.001)
Female -0.047 -0.047 -0.047 -0.047
(0.114) (0.114) (0.113) (0.113)
Education 0.282%** | 0.283*** | (.283*** | (.283***
(0.000) (0.000) (0.000) (0.000)
Employment -0.008 -0.008 -0.008 -0.008
(0.872) (0.867) (0.870) (0.868)
Unemployment -0.079 -0.079 -0.079 -0.078
(0.137) (0.138) (0.141) (0.142)
Household size 0.012 0.012 0.012 0.012
(0.459) (0.472) (0.469) (0.471)
Children -0.009 -0.009 -0.009 -0.009
(0.604) (0.609) (0.612) (0.613)
Married 0.305%** | 0.304*** | 0.304*** | 0.305%**
(0.000) (0.000) (0.000) (0.000)
Divorced/Separated 0.139%** | 0.139*** | 0.139*** | (.139%***
(0.001) (0.001) (0.001) (0.001)
Widow 0.007 0.007 0.007 0.007
(0.929) (0.933) (0.931) (0.932)
Constant 2.9109%#* 1 3254%%% | 3 50]H** | 3.6]17F**
(0.000) (0.000) (0.000) (0.000)
Observations 29,141 29,141 29,141 29,141
Number of ID 11,225 11,225 11,225 11,225

Notes: * p<0.1, ** p<0.05, *** p<0.01. P-values in parenthesis.
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Table 2.5 provides results for IHS-transformed household DTT as the dependent variable,
which measures changes in overall DTI. Results for income inequality are weaker overall, but
still significant for the Gini coefficient and top 10 percent income share (p<0.05). The top 5
percent and top 1 percent income shares are far from significant, with p-values greater than 0.30.
The wealth effects of homeownership remain highly significant (p<0.01). Unlike the log
transformed DTI specifications, Riegle-Neal Act deregulation is now significant (p<.05) when
all DTIs are considered.

All three variables are of economic significance in the IHS-transformed specifications,
but the income inequality variables have less impact than in the previous log-transformed
models. A 0.01 increase in the Gini coefficient increases overall household DTI by about 0.74
percent. A unit increase in the top 10 percent income share raises household DTI by 0.3 percent.
Unlike the In-transformed specifications, deregulation shows a consistent association across
variations in the IHS-transformed models, significant at p<0.05 with a modest coefficient
between 0.007 and 0.008. These modest deregulation results are in line with previous findings of
Brown, Gray, and Montagnoli (2019). Finally, wealth effects estimates are the largest for the IHS
specifications. For homeowners, a one unit increase in HPI is associated with a 0.3 percent rise
in DTI. Thus, each of the three variables has a significant role to play in stimulating overall

household DTIL.
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Table 2.5 Association between Income Inequality and Overall Household DTI1

Dependent Variable: IHS Household DTI | State and Year Fixed Effects

(1) 2) 3) 4)
Gini Top 10% Top 5% Top 1%
Income Inequality 0.554%** 0.003** 0.001 0.002
(0.024) (0.037) (0.385) (0.316)
Deregulation 0.008** 0.007** 0.007** 0.008**
(0.029) (0.032) (0.037) (0.036)
House Price Index (HPI) -0.000 -0.001** | -0.001** | -0.001**
(0.218) (0.020) (0.044) (0.043)
Homeownership 0.537*** | 0.538*** | 0.538*** | (.538***
(0.000) (0.000) (0.000) (0.000)
HPI*Homeownership 0.003*** | 0.003*** | 0.003*** | 0.003***
(0.000) (0.000) (0.000) (0.000)
In Income -0.275%F% | J0.275%** | 0.275%** | -0.275%**
(0.000) (0.000) (0.000) (0.000)
Age 0.021%** | 0.021*** | 0.021*** | 0.02]1***
(0.000) (0.000) (0.0000) (0.0000)
Age? -0.000*** | -0.000*** | -0.000%** | -0.000%**
(0.000) (0.000) (0.000) (0.000)
White 0.078*** | 0.078*** | 0.078*** | 0.078***
(0.000) (0.000) (0.000) (0.000)
Female -0.004 -0.004 -0.005 -0.005
(0.580) (0.574) (0.559) (0.559)
Education 0.127%%* | 0.127*%* | 0.127*** | 0.127***
(0.000) (0.000) (0.000) (0.000)
Employment 0.089%** | 0.089*** | 0.089*** | (0.089%***
(0.000) (0.000) (0.000) (0.000)
Unemployment -0.088*** | -0.088*** | -0.087*** | -0.087***
(0.000) (0.000) (0.000) (0.000)
Household size 0.022%** | 0.021*** | 0.021*** | 0.02]1***
(0.002) (0.002) (0.002) (0.002)
Children -0.017** | -0.017** | -0.018** | -0.017**
(0.020) (0.021) (0.021) (0.021)
Married 0.164%%* | 0.164*** | 0.164*** | 0.164%**
(0.000) (0.000) (0.000) (0.000)
Divorced/Separated 0.124%*% | 0.124*** | 0.124%** | (.124%**
(0.000) (0.000) (0.000) (0.000)
Widow 0.113%%* | Q. 112%** | 0.113%*** | 0.113%**
(0.001) (0.001) (0.001) (0.001)
Constant 1.674%%% | 1.844%%* | ] 928*** | ] 943%**
(0.000) (0.000) (0.000) (0.000)
Observations 42,001 42,001 42,001 42,001
Number of ID 14,303 14,303 14,303 14,303

Notes: * p<0.1, ** p<0.05, *** p<0.01.
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To aid in comparison of the independent variables’ estimates, I also provide
interpretations of the impact of a one standard deviation increase of each variable on DTI. These
results appear in Table 2.5. A one standard deviation increase in the Gini coefficient (0.041)
would increase intensive household DTI by about 15 percent. This result has the largest
magnitude of any coefficient of interest in any specification. A full standard deviation increase
(4.8 units) in the top 10 percent share is associated with a 6.8 percent increase in the intensive
margin. This association decreases as the income strata increases. Estimates for the top 5 and top
1 percent income share are, respectively, 5.1 percent (top 5) and 4.7 percent (top 1) increases in
the intensive margin. Wealth effects have a similar sized estimate as the top 10 percent income
share. A one standard deviation increase in HPI (appx. 30 units) increases DTI by 6.1 percent.
Thus, income inequality has the larger estimate for intensive DTI as compared to wealth effects

(or deregulation).

Table 2.6. Comparison of Income Inequality, Financial Deregulation, and
Wealth Effects
Coefficient: *SD
(1) (2) (3) 4)
Gini Top 10% Top 5% Top 1%
Dependent Variable: Ln DTI

Income Inequality 15.044 6.767 5.127 4.717
(0.041) (4.8) (5.101) (4.265)

Deregulation . . . .

HPI*Homeownership 6.066 6.066 6.066 6.066

(30.302) (30.302) (30.302) (30.302)
Dependent Variable: IHS DTI

Income Inequality 3.035 1.442
(0.041) (4.8)
Deregulation 1.187 1.038 1.038 1.187
(1.478) (1.478) (1.478) (1.478)
HPI*Homeownership 9.104 9.104 9.104 9.104

(30.302) (30.302) [(30.302) ](30.302)
Notes: Standard deviation in parentheses. Coefficients only reported for variables with
p<0.10.
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In contrast, wealth effects have the largest impact on overall DTI although income
inequality is still of an economically significant magnitude. A one standard deviation increase in
wealth effects is associated with a DTI increase of 9.1 percent. The increase is about three
percentage points larger for overall debt than in the intensive margin specification. The Gini
coefficient estimate is now more modest — about five times smaller for overall DTI than the
intensive margin. A one standard deviation increase in the Gini index is associated with a 3
percent increase in household DTI. Similarly, the top 10 percent income share is associated with
only a 1.4 percent increase in overall DTI, a little more than four times smaller than the estimate
for intensive DTI. Financial deregulation’s association with overall DTI is comparable to the top
10 percent income share’s. A one standard deviation decrease in financial deregulation (about
1.5 fewer restrictions) is associated with a 1.2 percent increase in DTI.

Synthesizing the different specifications, income inequality has a much larger estimate
for the intensive margin, where it is the largest contributor to DTI (4.7 to 15 percent increase).
Inequality’s coefficients for overall DTI are much smaller, but still economically significant (1.4
to 3 percent increase). Wealth effects have a much smaller span between the two specifications
(6.1 to 9.1 percent increase). Financial deregulation has the smallest estimate and is only
significant for overall DTI (1.2 percent). These results suggest that income inequality, in
particular the Gini coefficient and the top 10 percent share, have a special relationship with the

intensive margin. This relationship and others are discussed in the next section.

2.6 Discussion

Results support the hypothesis that income inequality is positively associated with
household DTI — at least for some measures of inequality and more so for intensive DTI than

overall DTI. These results suggest four main discussion points. First, the measure of income
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inequality matters and, with more research, could possibly suggest the empirical channel through
which the income inequality/household DTI link operates. Second, the results point to an
economically and statistically significant role for income inequality to play in stimulating
household DTI as compared to wealth effects or financial deregulation. Third, income inequality
is associated with the intensive margin more than overall DTI, which is important for explaining
the historical debt boom in the United States. With additional research, it may be related to some
debtor households “keeping up with the Joneses,” and possibly indicate that credit rationing is

part of the inequality/debt relationship.

2.6.1 Significance of the Income Inequality Measure

In contrast to much previous research, this study finds that only some measures of
income inequality are significantly associated with household DTI. While the Gini coefficient
and the top 10 percent income share are significant for both overall DTI and intensive DTI,
higher top income shares are not. All the income inequality variables are correlated as expected.
The correlation coefficients for the Gini index are between 0.765-0.786 in relation to the top
income share variables. The correlation coefficients for the various top income share variables
are between 0.965 and 0.985.

These results differ from previous state-level household income inequality/DTI research.
In particular, Thompson (2018) and De Stefani (2018) did not find a significant association
between income inequality and DTI as a whole (instead finding a credit rationing effect).
However, neither study used state-level Gini coefficients or the top 10 percent income shares,
whereas these were the two most significant measures in this chapter. Moreover, Thompson
(2018) did not specifically look at the association between the top 5 and 1 percent shares and the

intensive margin.
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The reason why only some inequality measures are significantly associated with
household DTI could possibly be due to the nuances in what each inequality variables measures.
Such nuances provide for insightful analysis, but more research will be necessary to test the
explanations.

One possible explanation for the differing results among the inequality measures is the
relative importance of different empirical channels — the credit supply channel vs. the credit
demand channel. The credit supply channel is motivated by top income earner’s higher marginal
propensity to save. When top income shares rise, savings of the rich increase, and these
additional savings translate into loans for households.

If the credit supply channel were dominant, one would expect the top 5 and 1 percent
shares to be significantly associated with household DTT and have greater estimates than other
income inequality measures. Specifically, rising top 1 percent shares should have a stronger
effect on savings than top 10 percent shares because marginal propensity to save increases with
income. This stronger savings effect should translate into a more significant or larger magnitude
coefficient for the top 1 percent. Instead, the top 1 percent share is not significant.

However, it is also possible that the total savings of the top 10 percent greatly exceeds the
total savings of the top 1 percent. While the top 1 percent may have a higher savings rate, fewer
people are “top 1 percenters” than “top 10 percenters.” The top 10 percent includes the top 1
percent, plus an additional nine strata. Even though rising inequality is being driven by those at
the very top, i.e., the top 1 percenters and above, marginal savings rates do not drop off
precipitously for those in the top 2 percent but decline gradually. Total savings of a particular
strata is a function of both marginal savings and the number of people in the strata. The top 10

percent (which also includes the top 1 percent) could contain enough additional people with a
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large enough marginal savings rate that these additional people help generate the significant
effect through the credit supply channel.

While greater analysis of savings rates is necessary, these results also might hint that
credit supply may not be the sole channel through which income inequality influences household
DTI. Rather, the credit demand channel may serve a large role. When income inequality widens,
rich households still consume more (even if they have higher savings rates). This additional
consumption — whether from an expenditure cascades perspective or some other flavor of
relative income — could generate a consumption gap between households and their reference
groups. Such a consumption gap can stimulate credit demand and thus more household debt.

Top 10 percent income earners are more likely to generate relative comparisons from
lower strata than top 1 percent income earners. First, as with the credit supply analysis, there are
simply more people for others to use as a reference in the top 10 percent than in the top 1
percent. Second, top 10 percent income earners are closer in relative income to upper-middle-
and middle-class Americans (i.e., 50-89™ percentile income strata). These same 50-90"
percentile earners contributed most to rising United States household debt since 1950 (Bartscher
et al. 2020). If rising top 10 percent income shares are more likely to generate relative
comparisons, these shares are more likely to be associated with rising household DTI.
Consequently, in this chapter, the significance of the top 10 percent income share as opposed to
the top 5 and 1 percent shares could be due to the credit demand channel.

The strength and significance of the Gini coefficient may also be indicative of a credit
demand effect. The Gini coefficient is less sensitive to changes at the very top of the income
distribution and more sensitive to changes in the middle. Perhaps not unlike the Gini, middle-

and upper-middle income households may be less attuned to gains of the very richest, but still
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aware of widening inequality, or possibly of an expenditure cascade trickling down to them. If
relative income is perceived to be declining for these strata, it could raise their demand for debt.
Less abstractly, if the Gini coefficient is most responsive to changes in the middle, it evidences
that these middle-strata inequality changes have large impacts on household DTI (particularly the
intensive margin) even if top 1 and 5 percent incomes shares do not. Recall, in recent United
States history, these middle-strata changes have been smaller than top income changes in an
absolute sense. The large magnitude of Gini coefficient estimates could be indicative of
households’ responsiveness to relative income concerns emanating from changes in the middle
of the distribution rather than emulating “conspicuous consumption” or a credit supply effect
from the top.

Of course, it is plausible that both demand and supply factors play a role. The impact of
the top 10 percent share could be a combination of a supply effect from top 10 percent earners’
higher savings rates plus increased credit demand from the 50-90™ percentile income earners
engaging in relative comparisons. The top 5 and top 1 percent shares’ lack of significance for
overall debt and weak significance for the intensive margin could indicate that income
inequality’s credit supply effect must also have an additional demand effect to achieve more
robust statistical significance.

The results for the Gini and the top 10 percent could suggest additional detail about the
empirical channels for the income inequality/household DTI link. Whether the relationship runs
through credit supply, credit demand, or both, the Gini and the top 10 percent share may suggest
a broader-based association not driven purely by the very top (i.e., top 1 percent). From a
demand perspective, the significance of the Gini and Top 10 percent may indicate relative

comparisons from the middle, particularly the middle and top 50-90™ income percentiles. From a
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supply perspective, the results indicate that marginal propensity to save is not the be all and end
all of debt stimulation. Instead, a large enough group must exist with a high marginal propensity
to save to influence the credit supply market. These possible explanations, however, must be
caveated for the need for additional research that focuses explicitly and directly on the issue of

credit supply versus credit demand.

2.6.2 Significance of Income Inequality as Compared to Alternative Explanations

Compared to financial deregulation and wealth effects, income inequality is most
strongly associated with the intensive margin of household DTI but has a weaker association
with overall DTI. For intensive DTI, the Gini coefficient and top 10 percent income share’s
statistical significance was greater than wealth effects or financial deregulation (p<0.01 versus
0.05 and insignificant, respectively). The same is true for economic significance measured by a
one standard deviation increase in each variable (15 and 6.3 percent for the Gini and top 10
percent share, respectively, versus 6 percent for wealth effects).

In contrast, for overall DTI, wealth effects had the strongest and most significant
association, with income inequality finishing second. Wealth effects were significant at p<0.01
while the Gini index, top 10 percent share and financial deregulation were p<0.05. In addition, a
one standard deviation increase in wealth effects (9.1 percent) was much larger than income
inequality (3 and 1.4 percent for the Gini index and top 10 percent share, respectively) or
financial deregulation (1.2 percent). Thus, some measures of income inequality have a clear,
positive association with household DTI in relation to wealth effects or financial deregulation.

Inequality’s stronger association with the intensive margin suggests that income
inequality functions more to expand debt of existing debtholders and less to extend new debt via

the extensive margin. Since overall DTI includes both the intensive margin (existing debtors)
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plus households with no debt, inequality’s weaker association with overall DTI is driven by a
weaker association with the extensive margin than the intensive margin. That is, income
inequality is not as strongly associated with changing a debt-free household into a debtor
household, but it is strongly associated with driving debtor households into deeper debt. A more
in-depth discussion of the intensive margin follows in below subsections. Just because income
inequality has a stronger association with the intensive margin does not make its overall DTI
relationship economically insignificant. In fact, a one standard deviation increase in the top 10
percent share or the Gini coefficient is associated with a 1.4 to 3 percent increase in DTI.

While income inequality primarily has larger estimates for the intensive margin, financial
deregulation functioned mostly to expand credit access. Results for the intensive margin were
insignificant, but the overall DTI regressions showed a modest significant impact. This finding is
consistent with previous literature about the Riegle-Neal Act, which found that the law increased
bank branch openings (Rice and Strahan 2010). Indeed, the purpose of Riegle-Neal was to
expand banking. It is little surprise that it boosted the extensive margin. These findings are
consistent with much economic development literature about how financial deregulation can
expand credit access. If such credit access is being used to acquire assets or build households’
other productive capacities, such credit is not necessarily undesirable. Providing additional
households with credit access, within reason, is not the type of result likely to add stress, worry,
decrease life satisfaction, or result in financial fragility or crisis.

Wealth effects have a robust impact on both measures. Wealth effects’ impact on the
intensive margin is likely through rising home prices. Rising home prices give existing debtors
collateral to borrow more through second mortgages. Wealth effects’ association with overall

DTI includes both this second mortgage effect for existing debtors, plus new debtors going from
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zero debt to some amount of debt. The greater significance of wealth effects on overall DTI
rather than intensive DTI could be simply a function of the added contribution of house hunters
without prior debts having to take on much larger mortgages as home prices rise. While such an
effect is not the same “wealth effects” as households using their home equity to take on
additional debt, it does provide another indication of wealth. As home prices rise, house hunters
will need more savings or collateral for a down payment. Consequently, rising home prices can
stimulate wealth effects for new homebuyers who had no prior debt, but needed to save for a
down payment.

Further research should look at the interactive relationship between income inequality
and wealth effects. Bartscher et al. (2020) contend that the largest contributor to the rise in
household DTI was equity extraction from homeowners taking on additional debt using home
equity as collateral. Bartscher’s findings and the findings in this chapter should be explored
further in additional research that could look specifically at mortgage debt, equity extraction, and
possible interaction between income inequality and homeownership. The possibility of an
interactive relationship is further suggested by De Stefani (2018), who finds income inequality to
be associated with greater DTI for homeowners. Such analysis is necessarily long and worthy of

its own follow-up study.

2.6.3 Significance of Income Inequality on the Intensive Margin

Income inequality is more strongly associated with intensive DTI than overall DTI. The
Gini coefficient and top 10 percent income share had greater statistical significance for intensive
DTI (p<0.01) than overall DTI (p<0.05). In addition, a one standard deviation increase in the
Gini coefficient and top 10 percent income share were associated with estimates of a larger

magnitude and greater significance for intensive DTI (15 and 6.3 percent, respectively) than
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overall DTI (3 and 1.4 percent, respectively). Moreover, the top 5 and 1 percent shares were only
weakly significant for intensive DTI but lacked significance for overall DTI. The intensive DTI
results matter because the intensive margin has driven the debt boom in the United States from
1950 through 2016 (Bartscher et al. 2020). Since income inequality has a stronger association
with the intensive margin, and the intensive margin has driven the historical debt boom, income
inequality may have a direct and primary path to contribute to the historical debt boom.

These findings suggest that income inequality has a greater propensity to increase the
intensity of existing debtors’ debt than expand the credit supply to households that previously
had no debt. The larger estimate for the intensive margin could be explained by risk aversion.
Zero debt households could simply be more risk adverse to debt. In contrast, households with
existing debt may be more comfortable increasing their debt burden in response to income
inequality’s credit supply or demand effect. Some of these questions may be best resolved by
psychology.

If existing debtors have less risk aversion, the intensive margin’s outsized association
with DTI could signal a “keeping up with the Joneses” effect for middle- and upper-middle
income debtor households, particularly those seeking more expensive homes. Recall the
following facts from the first chapter: (1) the intensive margin drove the historical debt boom in
the United States; (2) the 50-90™ income percentiles saw the largest rises in DTI; and (3)
mortgages are the largest contribution to debt. From these facts, income inequality’s stimulation
of the intensive margin as suggested by this chapter likely means that income inequality
specifically deepens DTIs of the 50-90™ percentile income earners. These middle- and upper-
middle income earners are likely deepening their housing DTI. To test these extensions

empirically, follow up research should specifically focus on income inequality’s association with
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the 50-90™ percentile and with housing DTI. Such research, particularly as it pertains to housing
DTI, could come in tandem with research exploring the interaction of income inequality and
homeownership.

Deepening DTI, specifically housing DTI, of debtors in the middle- and upper-middle
income deciles likely comes from more than just a credit supply effect. The desire of these
debtor households to go deeper into debt must come from somewhere. A “keeping up with the
Joneses” effect, specifically for housing, is a plausible explanation. R. H. Frank (2007) details
(1) how households prefer housing in quality school districts and safe neighborhoods, and (2)
how housing can denote social rank, particularly home size and features. Consequently,
households seek increasingly expensive homes to live in the most desirable school districts and
signal higher social status. The quest for superior housing sets off a “positional arms race”
among households for the best homes, driving up prices. Higher home prices increase mortgage
debt, particularly for existing homeowners looking to upgrade to a new house, which
subsequently deepens the intensive margin of DTL

As Frank elaborates, this arms race for homes can be triggered by widening income
inequality. Widening income inequality would set off an expenditure cascade, particularly for
homes. Top income earners’ increased home purchase expenditures would trickle down to the
upper-middle- and middle-income earners, as households continue to seek homes in the best
school districts and to keep up their social status.

Income inequality’s stronger association with the intensive margin rather than overall
DTI could also suggest a role for the credit rationing effect (Bowles 2012; Coibion et al. 2020;
Thompson 2018). Here, income inequality increases credit rationing because of imperfect

information. Under credit rationing, income inequality reduces credit for lower income strata
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while possibly expanding credit for middle- and upper-income strata. For example, rising income
inequality increased bank branch concentration in wealthier neighborhoods at the expense of
poorer neighborhoods (Coibion et al. 2020). Under imperfect information and rising inequality,
financial institutions are more likely to concentrate their business on middle- and upper-income
consumers, thus connecting rising income inequality to a credit rationing effect.

In addition, existing debtors with credit histories can get more loans at the expense of
households without any debt. Such existing debtors are more likely to be middle or upper-middle
income earners, and those without credit are more likely to be poor. Middle- and upper-income
households are more likely to already be debtors from homeownership (and, to a lesser extent,
student loans or greater access to unsecured finance on better terms). Income inequality’s
stronger association with intensive DTI could be augmenting credit for existing debtors (more
likely to be middle and upper-income earners), and rationing credit to those without credit
histories.

If income inequality leads to credit rationing, such rationing could further frustration and
hinder economic outcomes among the poor while at the same time increasing stress for those
comparatively well-off. Conventional wisdom in development literature is that expanding credit
access enables the poor to invest in themselves. If widening income inequality rations credit, it
limits the opportunity of the poor to make such investment. At the same time, as mentioned
above, expanding intensive DTI could contribute to stress for middle- and upper-income
households. Consequently, income inequality-induced credit rationing could negatively impact
the well-being of all households.

In addition, because of rising income inequality, credit to lower income households could

possibly decrease because borrowers ration themselves. Higher income inequality could result in
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frustration on the part of lower income households (Genicot and Ray 2017). Such frustrated
individuals have weakened beliefs in opportunity and mobility, causing them to invest less in
themselves (Kearney and Levine 2016; Browman et al. 2019). Less investment would translate
into less debt and a lower DTI. Such self-rationing could be particularly true if these households
do not invest in higher education or take on other forms of aspirational, productive debt.
Regardless of whether lower income borrowers are rationed by creditors or apply for less credit
due to frustration, this credit rationing phenomenon results in more credit to the middle and
upper-middle income strata at the expense of the lowest strata. Additional research is necessary
to probe these potential credit rationing explanations, possibly by comparing income inequality’s
estimated coefficient with household DTI at various points in the income distribution. If credit
rationing is present, further research can sort out whether lenders are rationing lower income
households in favor of comparatively higher-income borrowers or whether lower-income

households are investing less in themselves.

2.7 Conclusion

This chapter examined the hypothesis that income inequality is positively associated with
household DTI in the United States. While many previous studies found such an association in
advanced economies including the United States, no household-level study had controlled for
financial deregulation and wealth effects. This chapter furthered the literature by comparing the
estimates of four measures of income inequality (Gini coefficient, top 10, 5, and 1 percent
income share) with the financial deregulation of the Riegle-Neal Act and a new measure of
wealth effects (the effect of rising state home prices on homeowners). In addition, this chapter
contributed to the literature by exploring income inequality’s association with the intensive

margin of DTI in addition to overall DTI.
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Results showed that only the Gini coefficient and top 10 percent income share were
significantly associated with rising household DTIs. This positive association was of greater
magnitude for intensive household DTI than for overall household DTTI. In fact, inequality’s
association with the intensive margin was of greater economic and statistical significance than
wealth effects or financial deregulation. In contrast, wealth effects had a stronger economic and
statistical significance for overall household DTI. Riegle-Neal deregulation was only significant
for overall household DTI, with a lower economic significance than income inequality or wealth
effects.

Moreover, these findings suggest further research should be conducted to (1) examine
whether income inequality results in increased DTI for middle- and upper-income strata and
credit rationing for lower strata, and (2) examine the extent to which the income
inequality/household DTTI link operates through the credit supply or credit demand channels.
Such research is important because this chapter’s findings have strong implications for fragility,
stagnation, and well-being.

Income inequality’s association with intensive household DTI is of particular importance
for policy makers. Rising intensive household DTI could contribute to negative macroeconomic
effects such as financial fragility and secular stagnation and harmful individual effects such as
decreased well-being. While more research is necessary, this triple whammy scenario of

fragility, stagnation, and lower well-being is most undesirable for an advanced economy.
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Chapter 3: Measuring Credit Demand with Subjective Well-Being?

3.1 Introduction

The previous chapters provide evidence that in developed countries, particularly the
United States, income inequality is positively associated with household DTI. Among many
additional questions about this relationship is the empirical channel through which income
inequality could influence household DTI. As noted in Chapter 1, the income
inequality/household DTTI link could come through a combination of credit supply and credit
demand channels. Through the credit supply channel, rising top income shares bolster aggregate
savings due to top earners’ greater marginal propensity to save rather than spend. These savings
are then made available as credit to households. In contrast, the credit demand channel functions
based on relative income theory. Under relative income theory, a widening income gap leads
lower strata to borrow to keep up with a higher income reference group. This chapter examines a
hypothesis to study credit demand.

The hypothesis is that credit demand could be isolated by using subjective well-being
(SWB) (or “happiness™) as a proxy for utility. Specifically, in the income inequality/household
DTI context, income inequality could affect SWB, and this effect could then influence household
DTI. Previous literature provides support for the proposition that income inequality affects SWB.
Much empirical literature supports relative income theory by studying the association between
relative income and SWB. In addition, other literature highlights an association between SWB
and debt; specifically, debt affects SWB. However, it could be that the reverse is also true, but
previous literature has not studied whether SWB affects debt. Synthesizing the subjective well-
being literature, relative income concerns could affect SWB, and this effect could then motivate

people to take on additional debt to satiate their relative income concerns.
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This chapter takes the first step by examining simply whether SWB is associated with
household DTI. For SWB to function as a measurement of the credit demand, SWB must be
associated with household DTI. If there is no association between SWB and household DTI, then
a larger hypothesis that SWB could be used to measure income inequality-influenced credit
demand is unsupported. Using panel data from the PSID from 2009-2019, I used fixed effects
regression to study whether SWB is associated with household DTTI. I use life satisfaction as the
measure of SWB. As in the previous chapter, I use both the natural logarithm of household DTI
and the inverse hyperbolic sine transformation to measure, respectively, the intensive margin and
overall household DTI.

I find that SWB has a statistically significant, positive contemporaneous association with
both the intensive margin and overall DTI. This result can be interpreted akin to a tunnel effect —
people with greater life satisfaction have a positive outlook about the future based on relative
comparisons to a well-off reference group. They borrow because they have the aspirations and
agency to invest in themselves, believing that their circumstances will allow them to repay the
debt. However, attempts to address potential reverse causality with lagged independent variables,
lagged first differences, and Arelleno Bond GMM do not show a significant association. While
these methods may call the association into question, it is just as plausible that, due to data
limitations, the lag length used in all three reverse causality specifications is too long. Follow-up

research with different data will be necessary to further test this chapter’s hypothesis.

3.2 Background

SWB is measured by survey questions that ask about respondents’ day-to-day happiness
(hedonic subjective well-being) as well as questions about general life satisfaction. These life

satisfaction measures assess a respondent’s view of his or her life as a whole, correlating with
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agency, capacity, choice, and meaning and purpose in life. It has standard determinants such as
income, marital status, health, age, and gender, and is now a mainstream alternative measure of
welfare or progress (Graham 2016). The standard survey questions are reliable; Senik (2008;
2009) provides an overview. This section reviews previous literature about the association

between income inequality and SWB, and between SWB and debt.

3.2.1 Association between Income Inequality and SWB

SWB can be used to measure how income inequality is associated with respondents’
welfare. Detecting welfare responses using revealed preferences is often not possible in
situations where respondents are individually powerless to act. These situations can include the
evaluation of institutions, policies, or general societal conditions (Graham 2012). Income
inequality is precisely this type of societal condition. Individuals generally cannot express
preferences for or against income inequality with a revealed preference. SWB, on the other hand,
functions as a proxy for utility. Researchers can use SWB to measure utility responses to general
societal conditions such as income inequality.

A large literature has studied the association between income inequality and SWB. This
literature consists of (1) empirical studies of how SWB is associated with relative income — that
is relating a respondent’s own income to a particular reference group, and (2) empirical studies
of how SWB is associated with general measures of income inequality (i.e., Gini, 90/10 ratio,
other measures). These two bodies of literature have generally found significant findings, but the
details are nuanced.

With respect to the relative income literature, numerous literature reviews have
concluded that people have a preference for relative income; that is, income (or consumption) of

a comparison group is associated with a respondent’s satisfaction with her or his own
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income/consumption (Luttmer 2005; Senik 2008; Carlsson, Guptay, and Johansson-Stenmanz
2009; Knies 2012; Chang 2013; Cojocaru 2016). These findings are robust in both experimental
and non-experimental contexts (for example Miles, Rossi, and Rossi 2009). Relative income
effects are supported across cultures (Chang 2013; Jaikumar and Sarin 2015; De Giorgi,
Frederiksen, and Pistaferri 2020). Some studies suggest the effect of relative income on SWB
can be equal or greater than the effect of the respondent’s own income (Ferrer-I-Carbonell 2005;
Ball and Chernova 2007). In general, the association between SWB and relative income has been
studied extensively and is usually significant.

However, support for SWB’s effect on relative income is not ironclad. Helliwell, Layard,
and Sachs (2012) note “the dozens of cross-sectional studies which also indicate strong effects of
income comparisons,” but also cautions these studies’ risk of reverse causality due to SWB’s
effect on income. Nevertheless, as the report further highlights, good attempts have been made to
handle this problem using industry wages or twins as instrumental variables, supporting existing
conclusions. Nevertheless, as Cojocaru (2016) points out, some empirical investigations have
rejected relative status concerns, finding either no evidence, or finding that these concerns are
significant only above a particular income level, and do not matter for the poor. When relative
income effects do matter, it is generally recognized that the greater importance people place on
income comparisons, the less satisfied they are with their lives. Thus, while relative income
matters generally, its intensity can vary among individuals depending how much emphasis they
place on comparisons with others (Clark and Senik 2010).

While most research supports the proposition that widening relative income is associated
with SWB, theories suggest both positive and negative effects. When the relationship is negative,

it is called the “envy effect” (Varian 1974; R. H. Frank 1985; Mui 1995). A positive relationship
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is called the “tunnel effect” or “Hirschman effect” (Hirschman and Rothschild 1973) because an
increase in reference income signals positive information about an individual’s own future. As
Hirschman notes, when one is stuck in traffic and an adjacent lane begins to move, one is
hopeful that he or she will be moving soon too. With respect to the regression battle, studies
most commonly have found evidence supporting the envy effect (e.g. Luttmer 2005). Lab
experiments fall the same way (Helliwell, Layard, and Sachs 2012). While many of these studies
may be culturally and country-dependent, Ifcher, Zarghamee, and Graham (2018) reconcile the
literature as it relates to the United States, finding that the SWB effect is positive for local
comparisons and negative for more regional comparisons. Thus, the direction of the association
will depend on geographic proximity to the reference group in addition to other cultural factors.
Like widening relative income, general measures of income inequality (Gini, top income
shares, ratios, etc.) have been linked to rising or falling SWB in different contexts. The effect in
the United States is mixed (Ferrer-I-Carbonell and Ramos 2014; Davidai 2018). The direction of
the effect of inequality on SWB depends on the respondent’s perception of income mobility
(Graham and Felton 2006; Ferrer-I-Carbonell and Ramos 2014). Such a perception has similar
implications to the envy/tunnel effect. Some people hue to a Horatio Alger framework, where
America is the land of opportunity available for anyone to seize. Such respondents have higher
life satisfaction as inequality increases because the increase signals greater rewards available to
anyone choosing to seek them, including, ostensibly, the respondent. The sentiment here is like
the tunnel effect. In contrast, for other Americans, life satisfaction is lost when inequality rises
because these respondents perceive (perhaps accurately) mobility to be low. These respondents
may view increasing inequality as unfair when mobility is not fluid. Like the envy effect, they

may feel left behind. Thus, both relative income and general income inequality measures have

100



been found to be associated with SWB, but the direction of the effect depends on the

respondent’s outlook on mobility in addition to their geographic distance from the reference

group.

3.2.3 Relationship between SWB and Debt

Research is scant about the association between SWB on debt. One paper finds that
happier people are more likely to buy homes (Apergis, Hayat, and Kadasah 2019). Beyond this
finding, research is absent. While previous literature generally has not studied SWB as the
dependent variable and debt as the independent variable, some research has considered the
opposite relationship. This body of research is small and emerging but does provide significant
findings of a negative relationship.

A recent literature review by Tay et al. (2017) finds 19 studies that estimated debt’s
relationship with SWB, and roughly 90 percent of these studies (17/19) found at least one
negative association. But more mixed and insignificant results appear in the various model
iterations within these studies. Of the 30 associations analyzed, 16 had significant results, five
insignificant, and nine of mixed significance. Some of these studies used subjective perceptions
of debt as a dependent variable. When focusing only on objective debt measures, ten iterations
had significant results while seven were of mixed significance and five were insignificant. A
meta-analysis revealed the overall estimate to be between -0.05 to -0.07 (meta-analytic ) for all
studies and -0.04 for objective debt only. This review provides some support a negative
association between debt and SWB, but the literature is not unanimous.

Tay et al. point out two distinctions in the literature, both of which have since received
additional support. First, high levels of debt (or unmanageable debt) are associated with the

largest magnitude impact on SWB, and the association is negative. This finding has continued to
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receive support from more recent studies (Hochman, Miiller, and Pforr 2019; Coste, Henchoz,
and Wernli 2020; Ferreira et al. 2021). Second, results can differ based on the source of debt.
Tay et al. contend that housing and education debt may not uniformly have a negative
association because both debt types essentially purchase assets. Further research is not as clear
with respect to student loans. For example, Greenberg and Mogilner (2021) find that student
loans negatively impact SWB.

Despite these nuances, the bulk of current research supports a relationship between debt
and SWB. This research exclusively focuses on debt’s association with SWB, not the other way
around as hypothesized here. However, it is possible that SWB could influence debt, and that

additional debt then further affects SWB.

3.3 SWB’s Effect on Debt: Conceptual Overview

SWB could have either a negative or positive association with household debt. The
concept here is much like the envy and tunnel effects. For several reasons, low-SWB households
effectively borrow to increase their utility. In addition, high-SWB households could also borrow
out of a sense of optimism or aspiration. Regardless of the direction of the effect, SWB could

have an impact on debt.

3.3.1 SWB’s Envy Effect on Debt

The envy effect provides a compelling reason why low-SWB households might borrow.
Under the envy effect, agents lose SWB (as a measure of utility) when reference group income
outpaces own income. Akerlof and Kranton’s work on identity economics helps explain the
“envy effect” of SWB. Under identity analysis, actors seek conformance with norms to obtain or

maintain “identity utility.” Actors avoid any loss associated with deviating from the norm
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(Akerlof and Kranton 2000; 2010). Consumption or income norms come from actors’ reference
groups. When reference group income or consumption outpaces own income, households risk
suffering a utility loss if they do not conform to the reference group norm. These households
may borrow to maintain identity utility and avoid a loss. Consequently, rising income inequality
can widen the gap between households and their reference groups. This rising gap could decrease
SWB. In response, households could borrow to close the gap with their reference group and
avoid the utility loss.

This pattern is sometimes called “keeping up with the Joneses.” “Keeping up with the
Joneses” refers to a household’s desire to consume the same things as their neighbors — the
Joneses. For example, when the Joneses get a new car, others who identify with the Joneses may
follow suit. Such “keeping up with the Joneses” effects on upper- and middle-income households
have been documented in numerous contexts, such as high-status car purchases (Bricker,
Ramcharan, and Krimmel 2014), “superstar houses” (Bellet et al. 2017), and general
“conspicuous goods” (Lee and Mori 2019).

While “keeping up with the Joneses” may better describe the envy effect as applied to
upper-middle income and higher strata, lower income strata may borrow not out of envy but out
of trying to achieve an adequate standard of living. Adequacy functions as a reference. This
concept of “achieving adequacy” dates back to Adam Smith’s analysis of “necessaries”:

By necessaries, I understand not only the commodities which are
indispensably necessary for the support of life, but whatever the custom of
the country renders it indecent for creditable people, even of the lowest
order, to be without. A linen shirt, for example, is, strictly speaking, not a
necessary of life. The Greeks and Romans lived, I suppose, very
comfortably though they had no linen. But in present times, through the
greater part of Europe, a creditable day-labourer would be ashamed to
appear in public without a linen shirt, the want of which would be supposed

to denote that disgraceful degree of poverty which, it is presumed, nobody
can well fall into without extreme bad conduct. Custom, in the same
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manner, has rendered leather shoes a necessary of life in England. The
poorest creditable person of either sex would be ashamed to appear in
public without them.

(Smith 1776).

Frank (2007) provides another modern example, citing a New York Times investigative
piece profiling a young girl named Wendy Williams, whose parents work low wage jobs and live
in a trailer park. Wendy “doesn’t really seem to envy her classmates, she just seems to feel
ashamed of not being able to meet the ordinary standards of her community.” She is called
“trailer girl,” and her classmates sneered “why would you want to know?” when she asked where
a classmate got an expensive shirt. Wendy begged her parents to see an orthodontist when called
“rabbit” about an overbite. Her mother says, “Do you know what it’s like to have your daughter
come home and say, ‘Mom, the kids say my clothes are tacky,” and then walk off with her head
hanging low.” Under such circumstances, lower-income households would have incentive to
borrow given access to credit, and numerous studies find that that lower savings rates and debts
are used by lower-income households to compensate for lack of income (Musgrove 1980;

Whitfield and Dearden 2011). Consequently, low-SWB households may borrow to “keep up with

the Joneses” or to simply “achieve adequacy” depending on their income level.

3.3.2 SWB’s Tunnel Effect on Debt

SWB may also be positively related to household debt, similar to the tunnel effect. Under
this effect, individuals actually gain utility in response to an increase in reference group income.
This gain occurs because actors anticipate receiving a similar gain in the future. Optimistic for
the future, actors then borrow to keep pace with their reference group, assuming that they will be

able to pay back the debt as their income situation improves as well. In addition, beyond the
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tunnel effect, people with higher SWB may be more likely to take on debt to fund aspirations and
build assets, such as taking on student loans or buying houses.

Li (2018) contends that credit applications by the poor can come from either an envious
desire to emulate consumption patterns of the well-off, or they can be used for productive
investment as the poor are inspired by the wealthy’s success. In fact, Li finds that credit
applicants invest more in human capital than non-applicants, suggesting that the poor demand
credit to escape from poverty. Li attributes such credit seeking to a tunnel effect. Similarly,
Wildauer (2017) found that loans used for “consumption” have actually decreased in the
aggregate while home purchase/improvement loans and student loans skyrocketed. More
generally, home purchase and improvement loans drove the pre-financial crisis aggregate debt
trend. Current debt trends include an explosion of student loans. These big-ticket assets can be
seen both in an aspirational or productive light, which could be spurned by positive (tunnel)
feelings about future prospects.

Thus, SWB could influence household debt through either an envy or tunnel effect. These
effects can be generated by changes in relative income or income inequality. SWB could be a
microfoundation that explains why households are motivated to increase borrowing in the face of
widening income inequality. As income inequality rises, it effects SWB. This effect could
subsequently motivate households to borrow, resulting in rising debt. Greater SWB effects would
indicate greater demand for credit. Thus, SWB would be a measure of credit demand.

However, to examine this income inequality/SWB/debt hypothesis, it is first necessary to
test whether SWB is associated with household DTI. Some basic elements of the research design
in Chapter 2 lend themselves well to this examination. The next sections will explain the data

and methods used to test this hypothesized association between SWB and household debt.
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3.4 Data

Data come exclusively from the PSID. The PSID is an excellent data set for this research
question because it tracks both debt and SWB. Although other databases such as the General
Social Survey (GSS) have tracked SWB for decades, the GSS is not panel data and does not
contain a measure of household debt. The PSID is the only publicly available dataset that tracks
both debt and SWB for United States households. As discussed in the previous chapter, the PSID
provides the added benefit of panel data to study the association between SWB and household
DTI over time. The PSID utilizes the standard life satisfaction variable to measure SWB, as
discussed in greater detail in below paragraphs.

I utilize PSID data spanning 2009 through 2019, comprising six waves. This time span
differs from the previous chapter in two ways. First, the years are different, with no overlap (the
last chapter covered 1984-2005). The difference in years is because the PSID did not start
tracking SWB until 2009. Second, during the 2009 through 2019 period, all relevant variables
appeared on each wave — every two years. This consistency differs from the previous chapter
because certain debt variables did not appear every wave until 1999.

Like the previous chapter, this chapter also utilizes family-level data from the PSID. Both
chapters use household DTI as the dependent variable of interest and unit of analysis. In the
PSID, DTI is available to calculate as a family-level variable. As in the previous chapter, I track
only one observation per household to maintain consistency with the household as the unit of
analysis. As before, I maintain this consistency using the PSID’s standard method of tracking
families over time, creating a head of household sample.

The total sample consisted of an unbalanced panel of 13,047 panelists comprising 47,441

observations. The sample included only family units where the head of household was between
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20 and 65 years of age. This age range accounts for working-age persons and eliminates retirees,
who likely have lower DTIs due to the nature of the life cycle. This age range is the same as in
the previous chapter.

The sample used in this chapter suffers from less attrition than the previous chapter
(though attrition is still large). Out of 13,047 panelists, 10,201 (78%) never attrit while 2,846
(21.81%) attrit. As in the previous chapter, attrition is high because the number includes both
panelists who formally attritted from the PSID in addition to panelists who cease to be the head
of household/reference person. In addition, an additional 1,105 panelists (8.47%) exit the sample
after reaching age 65. Consistent with the previous chapter, these 1,105 “aged out” panelists in
addition to the 2,846 attritors comprise the sum of those household heads that exited the sample
for one reason or another.

Panelists who exited my sample are again balanced by panelists joining the sample
sometime after 2009. In total, 5,433 panelists (41.64%) joined the sample after the first year of
2009. Like before, “joiners” are those persons who become “head of household” within an
existing PSID household or split off from an existing household to form their own new
household. Between those joining and exiting the panel, the total number of panelists remained
relatively stable in any given year with an average of 6,267 panelists and a range between 5,694
and 7,119. Despite the large amount of entry and exit, the sample data do retain much of its panel
format of repeated observations of the same head of household. Panelists were included in the
sample for both a mean and median of four out of seven waves.

I use logistic regression to compare attrition in this sample to the last chapter’s sample
and previous research about the whole PSID. Like in the previous chapter, attrition is a dummy

variable that takes a value of 1 for attritors. Independent variables include homeownership status,
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household income, age of the head of household, age squared, race of the head of household
(dummy variable where Caucasian, non-hispanic equals 1), educational level of the head, and
marital status. Results for these covariates differ from the previous chapter’s sample. The
estimates from the previous chapter (and previous research on the whole PSID) indicate that
attritors are more likely to be lower income, lower educated, non-white, non-homeowners.
However, in the current sample, attritors are more likely to be non-married, lower-educated,

white, higher income homeowners.

Table 3.1. Association between Sample Attrition and Demographic Variables
Dependent Variable: Attrition
Logistic Regression

Homeownership 0.124%%*
(0.000)

In Income 0.047%**
(0.007)

Age 0.032%**
(0.001)

Age? -0.00 ] ***
(0.000)

Race (White) 0.299%%**
(0.000)

Education -0.042%**
(0.000)

Married -0.262%**
(0.000)

Constant -2.307%**
(0.000)

Observations 45,958

3.4.1 Dependent Variable: DTI

Like in Chapter 2, this chapter analyzes both the natural logarithm and inverse hyperbolic
sine (IHS) measures of debt. Again, the natural logarithm tracks the intensive margin while the
IHS transformation measures overall DTI. DTI is the proper debt measure for analyzing the

association between SWB and debt. Literature reviewed in the previous section indicate that the
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SWB/debt relationship is strongest for overly indebted households. Over-indebtedness is
captured by DTI because households with higher debt relative to their income are more overly
indebted. In addition, specifically examining the intensive margin can provide further indication
of SWB’s association with over-indebtedness, which occurs as intensive DTI rises.

This chapter calculates DTI to explicitly include vehicle debt, consistent with changes in
the PSID for the 2009-2019 period studied here as opposed to the 1984-2005 period from the
previous chapter. In the earlier years, vehicle debt was not explicitly mentioned and ostensibly
was included in an “other debt” category. For the years applicable to the current chapter, the
PSID explicitly includes vehicle debt in addition to the categories from prior years (mortgage
debt, other debt). Including vehicle debt, average household debt for the 2009-2019 period was
$66,637.56. Average vehicle debt was $6,804.47. Without including vehicle debt, average
household debt drops to $59,669.89. In terms of DTI, excluding household debt results in an

average DTI of 6.74, but including vehicle debt increases DTI to 7.47.

3.4.2 Independent Variable: SWB

In 2009, the PSID began including one SWB question, a standard life satisfaction
question. The question is:
“Please think about your life as a whole. How satisfied are you with it?
Are you completely satisfied, very satisfied, somewhat satisfied, not very
satisfied, or not at all satisfied.”
This question is measured on a scale of 1-5. The PSID defines “1” as “completely satisfied” and
“5” as “not at all satisfied.” For ease of interpretation, I reverse the index, defining “not at all
satisfied” as “1,” etc., so that the index increases with satisfaction levels.

Life satisfaction questions such as this are routinely used in the SWB literature and are

regarded as reliable measures (Kahneman and Krueger 2006; Graham 2012). Life satisfaction
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questions are more likely to encompass respondents’ whole life circumstances in addition to their
current happiness at the time of the interview (Graham 2012). Life satisfaction questions provide
an evaluative metric that focuses on how people think about their lives as a whole, as opposed to

a hedonic metric, which focuses more on daily experiences (Graham 2016).

The SWB variable tracks the SWB of the head of household, consistent with the sample
design as discussed above, and resulting in one observation per household for household-level
panel data analysis. Individuals’ life satisfaction often changes. In fact, SWB is associated with
life cycle changes. Much research from both developing and advanced countries has found that
life satisfaction exhibits an inverted U-shape over the course of the life cycle, with the nadir
occurring in midlife.!! In my panel’s ten-year period, sixty percent of panelists (7,776 out of
13,032) experienced some change in SWB. This percentage is roughly comparable to the 63
percent of panelists (8,065 out of 12,707) that experienced some change in DTI. Regression

analysis in this chapter examines whether SWB changes are associated with DTI changes.

3.4.3 Control Variables

In addition to DTI as the dependent variable and SWB as the independent variable, I
include several demographic control variables. These controls include age of the head of
household, race of the head of household, sex of the head of household, marital status of the head
of household, education level of the head of household, number of children in the family unit,
total number of members in the family unit, and total family income. These controls are all used

in the previous chapter and are measured the same way, except income. Income includes zero

11 Blanchflower (2021) covers research from 145 countries. While a debate exists about the

presence and magnitude (if any) of the inverted U-shape between economists (yes) and

psychologists (no), Blanchflower and Graham (2020) dove deep to revisit the psychology

literature, concluding that strong and consistent evidence actually does exist for the U-shape.
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and negative income for the 2009-2019 period. Negative income existed due to net losses from

farm or business income. In addition, income is adjusted for inflation with a base year of 2015.

Each of the control variables included could affect both DTI and life satisfaction.

Summary statistics for all variables appear in Table 3.2.

Table 3.2. Summary Statistics

Variable Observations | IDs Mean Std. Dev. Min Max
DTI 43,633 12,707 | 7.466 772.546 -94.522 137338
SWB 46,917 12,940 | 3.787 0.856 1 5
Age 47,441 13,047 | 41.386 12.437 20 65
Race (White) 46,968 12,899 | 0.546 0.498 0 1
Sex (Female) 47,441 13,047 | 0.309 0.462 0 1
Education 46,799 12,831 |2.684 1.048 0 4
Employed 47,416 13,043 | 0.763 0.425 0 1
Unemployed 47,416 13,043 | 0.091 0.288 0 1
Household Size 47,441 13,047 | 2.715 1.522 1 16
Number of Children | 47,441 13,047 | 0.905 1.221 0 11
Married 47,434 13,046 | 0.447 0.497 0 1
Divorced/Separated | 47,434 13,046 | 0.195 0.396 0 1
Widow 47,434 13,046 | 0.021 0.144 0 1
Income 47,441 13,047 | 73,232.26 | 101,499.30 | -248,307.80 | 6,979,732
Homeownership 47,441 13,047 | 0.483 0.500 0 1

3.5  Methods

The standard SWB equation tests the association between various covariates and SWB.

The standard SWB equation is:

(3.1)

SWB;: = Bo + P1Xit + it

The dependent variable, SWB;; measures the SWB of the i respondent at time z. X;, is a vector

of SWB-correlates of the i respondent at time ¢z, including socioeconomic characteristics and
Y g

demographic traits. The error term, €., captures measurement error and unobserved

characteristics (Graham 2005).
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I modify the standard SWB equation to use SWB as the primary independent variable of
interest, and use household DTT as the dependent variable:

(3.2) DTI;; = 51’, + Ve t+ ﬁlSWBi,t+ﬁZXi,t + &t

The dependent variable, DTI;,, measures the DTI of the i" respondent at time 7. I run
models that use the natural log of DTI to measure the intensive margin in addition to measuring
overall debt with the IHS transformation. The independent variable of interest, SWB; ;, measures
the life satisfaction of the i respondent at time ¢. The vector of control variables, X;,, includes
all the previously mentioned control variables (age, age squared, race, sex, education,
employment, marital status, number of children in the family unit, number of members in the
family unit, total family income, homeownership status).

To take advantage of the panel data structure, I use individual and year fixed effects, o;
and yi. These fixed effects differ from the previous chapter, which examined state-level
independent variables. Here, all variables are at the individual level, so individual-level fixed
effects are utilized. Finally, robust standard errors are also used.

While equation (2) will provide some basic insights, it suffers from possible reverse
causality. Literature reviewed previously suggests that debt affects SWB, but my hypothesis is
that causality can run the other direction: SWB could influence debt. Previous literature using
SWB as the dependent variable generally did not discuss potential reverse causality. But many of
these studies do find an association running from debt to SWB. With my hypothesis that the
causality arrow may also run the other way, reverse causality is the primary methodological issue

that must be addressed.
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To address reverse causality robustly, I use three additional methods: (a) lagged
independent variables, (b) lagged first differences, and (c) Arellano and Bond’s (1991)
generalized method of moments (GMM). The lagged independent variables equation is:

(3.3) DTy = 6; + vy + P1SWB;i—p + BoXit—n + €t

Equation (3) addresses reverse causality with a form similar to Acemoglu et al. (2008).
When the independent variable is lagged, results measure the association between the independent
variable in a previous period on the dependent variable in the current period. This temporal
relationship mitigates reverse causality. When the independent variable is lagged, we know the
independent variable (or the hypothesized “cause”) came first, followed by the dependent variable
(or the hypothesized “effect”). It is not possible for the dependent variable in the current period to
influence the independent variable from a previous time. Lagging independent variables provides
a simple way to address the chicken-or-the-egg question of how debt influences SWB versus SWB
influencing debt.

Of course, it is possible in the abstract that some internal feedback exists between SWB
and debt. SWB could influence debt, and, as debt increases, too much debt could then negatively
impact SWB. Such a relationship is outside the scope of this dissertation. However, my approach
to lag the independent variables just provides one method of isolating and testing the specific
impact of SWB on debt.

While the lagged independent variables method in equation (3) provides a simple
conceptual approach for tackling reverse causality, it assumes that no serial autocorrelation exists
(Bellemare, Masaki, and Pepinsky 2017). Unfortunately, a Wooldridge test indicated the presence

of autocorrelation (p=0.000) Consequently, I employ two additional specifications.
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The next specification is a lagged first differences model (LFD). LFD is useful to address
the serial autocorrelation. First differencing the variables eliminates serial autocorrelation. First
differences are closely related to fixed effects. Whereas fixed effects controls for unobserved
heterogeneity by demeaning the data, first differences eliminates time-invariant heterogeneity by
subtracting the value of each term at time ¢ from time #-/. In addition, lagging the independent
variables addresses reverse causality the same as in equation (3). The LFD equation is:

(3.4) DTy — DTlir—q =V + f1(SWB; -1 —SWB;;_3)

+ Bo(Xip-1 = Xie—2) + (&ir — €ie-1)

However, LFD models assume that the specified lag is the true timing of the effect. If this
assumption is violated, the results are biased. The smallest lag possible for this PSID data is two
years because the PSID is administered every other year. It is quite possible that two years is not
the timing of the effect of SWB on debt. The true lag could be sooner, but such data do not exist.

The final model employed is the generalized method of moments (GMM) estimator
developed by Arellano and Bond (1991) (AB GMM), also known as difference GMM. This
method was also used by Acemoglu et al. (2008). The first step is to remove time-invariant
unobserved heterogeneity by taking the first difference:

(3.5) ADTI; . =y, + B1ADTI; o1 + BoASWB; ¢ + B3AX; + Ag;

Second, ADTI; ;_ is instrumented with DTI, ;.., the preceding level of the lagged dependent
variable. AB GMM addresses both reverse causality and unobserved heterogeneity. The method
is apt for panel data with a smaller number of time periods and a larger number of observations,
such as here. To determine whether AB GMM is appropriate for my data (versus system GMM),
I take the rules of thumb noted by Bond (2001). Prior to estimating GMM, Bond suggested
estimating (1) a dynamic model with pooled OLS and (2) a fixed effects model. The pooled OLS
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model will provide an upper bound for SWB’s association with debt while the fixed effects model
will provide a lower bound. If the fixed effects estimate for the lagged dependent variable on the
right-side of the equation is close to or above the difference GMM specification, the specification
is biased and system GMM should be used instead. After applying these rules of thumb, I
determined that AB GMM was appropriate.

However, AB GMM also comes with its own caveats. Namely, unbalanced panels may
weaken the results. I have an unbalanced panel. Nevertheless, with the addition of the pooled OLS
and fixed effects models to provide an upper and lower bound, I should still be able to provide a
reasonable estimate of any significant association’s size. Obtaining a balanced panel would
necessarily involve the loss of many panelists, which may also weaken the results. Previous
literature reviewed in this dissertation that utilized the PSID all used unbalanced panels. Using an

unbalanced panel maintains consistency with this literature.

3.6 Results

In Table 3.3, results for equation (2) indicate a significant, positive, contemporaneous
association between SWB and both overall DTI and the intensive margin. The positive
association is slightly larger for the intensive margin (In DTI) than for overall DTI (IHS DTI). A
unit increase in SWB (measured on a 1-5 scale) results in a 3.77 percent increase in the intensive

margin and a 1.61 percent increase in overall DTIL.
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Table 3.3. Contemporaneous Association Between SWB and Household DTI
Individual and Year Fixed Effects
(1) 2)
Intensive Margin DTI Overall DTI
Dependent Variable: Dependent Variable:
Ln DTI IHS DTI
SWB 0.037%** 0.016%**
(0.005) (0.001)
In Income -0.865%** -0.197%**
(0.000) (0.000)
Age 0.105%** 0.030%x**
(0.000) (0.003)
Age? -0.0071*** -0.000%***
(0.000) (0.000)
White 0.534 0.286**
(0.211) (0.031)
Female [omitted] -0.189%**
(0.000)
Education 0.178*** 0.036
(0.009) (0.114)
Employment 0.091%** 0.036**
(0.031) (0.016)
Unemployment 0.113** 0.035%*
(0.039) (0.052)
Household size 0.107%** 0.046%**
(0.000) (0.000)
Children -0.021 -0.010
(0.337) (0.255)
Married 0.346%** 0.162%**
(0.000) (0.000)
Divorced/Separated -0.046 -0.016
(0.624) (0.658)
Widow 0.400%** 0.059
(0.009) (0.424)
Constant 6.113%** 1.828***
Observations 24,992 42,406
Number of ID 9,280 12,327

Notes: * p<0.1, ** p<0.05, *** p<0.01. Female is omitted due to collinearity.
These results are within a similar range as the previous chapter’s findings of the impact
of income inequality. As discussed more in the next section, these results provide some support

for the hypothesis that SWB could in part help measure the credit demand channel.
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The positive association between SWB and DTI is interesting because it is opposite from
when SWB is the dependent variable in the debt/SWB research. In that research, DTI decreases
SWB. Here, when DTI becomes the dependent variable, the direction of the relationship
changes. The debt/SWB research is itself small, so it is difficult to ascertain reasons for this shift
from a positive to a negative relationship. More discussion about this positive relationship
follows in the next section as well.

The coefficients for the control variables appear as expected. DTI decreases as income
rises. Whites are more likely to have higher overall DTI; female-headed households are more
likely to have lower overall DTI (likely due to decades of racial and gender disparities in credit
markets). Households with an employed or unemployed head have more debt than households
with heads who are not in the labor force. This result makes sense as employed individuals or
those looking for work may be more credit worthy than those not in the labor force. Finally, DTI
also increases for households with a married head and for larger household sizes. Married
persons would be more likely to have larger debts under integrated household finances and be
homeowners (the largest source of debt in the United States). Larger family size implies more
family consumption (and possibly debt) in addition to greater ability to obtain credit if multiple
family members are employed or otherwise bring assets to the family unit.

Though the contemporaneous positive association between SWB and household DTI
provides much food for discussion, the question remains whether the results hold up after
addressing potential reverse causality. To address reverse causality, I utilize a variety of different
models: lagged independent variables, lagged first differences, pooled OLS with a lagged
dependent variable, lagged independent variables with a lagged dependent variable, and AB

GMM. Results using the intensive margin as a dependent variable appear in Table 3.4.
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Table 3.4. Addressing Reverse Causality for Intensive Margin DTI

Dependent Variable: Ln DTI

(1) () 3) 4) (5)
Lagged Lagged First | Pooled OLS w/ Lagged Arellano
Independent | Differences Lagged Independent Bond
Variables (LFD) Dependent Variables w/ GMM
Variable (LDV) LDV
Ln DTl 0.548%** 0.017 0.248%**
(0.000) (0.466) (0.000)
SWB 0.009 -0.006 -0.003 0.017 -0.016
(0.612) (0.692) (0.784) (0.344) (0.628)
In Income 0.071* 0.362 0.137%%* 0.136** 0.094
0.097 (0.000) (0.000) (0.048) (0.225)
Age 0.069** 0.089** 0.011 0.088** -0.170
(0.049) (0.021) (0.145) (0.013) (0.641)
Age? -0.0071*** -0.0071*** -0.000** -0.0071*** -0.001
(0.000) (0.009) (0.018) (0.000) (0.162)
White 0.213 -0.088*** 0.018 -0.053 [omitted]
0.689 0.001 (0.392) (0.934)
Education 0.172%* 0.070 -0.003 0.099 0.466
0.043 0.356 (0.746) (0.191) (0.449)
Employment -0.216%** -0.303**x* -0.2071%*** -0.305%** -0.539%*x*
(0.001) (0.000) (0.000) (0.000) (0.001)
Unemployment -0.006 -0.098 -0.019 -0.115 -0.272%*
0.943 (0.213) (0.755) (0.201) (0.084)
Household size -0.097 -0.127%%* -0.082 -0.110%** -0.082
(0.000) (0.000) (0.000) (0.000) (0.183)
Children 0.106%*** 0.086%** 0.072%** 0.116%** 0.032
(0.000) (0.001) (0.000) (0.000) (0.637)
Married 0.114 -0.057 0.064* 0.038 -0.002
(0.145) (0.413) (0.057) (0.670) (0.994)
Divorced/Separated | -0.007 0.028 0.076 -0.018 0.220
(0.947) (0.778) (0.035) (0.882) (0.610)
Widow -0.105 -0.029 0.098 -0.014 2.617
(0.583) (0.866) (0.205) (0.940) (0.340)
Constant -2.650 -0.158 -1.417 -3.469
Time effects Yes Yes Yes Yes Yes
ID effects Yes Yes
Hansen J test 0.254
AR(2) test 0.269
Observations 17,251 8,784 13,471 13,471 7,405
Number of ID 7,157 5,641 3,159

Notes: * p<0.1, ** p<0.05, *** p<0.01. Collapsed instruments used for AB GMM. P=0.078 for
Hansen J test without collapsed instruments. Sex (Female) variable omitted due to collinearity.
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Table 3.4 reveals no statistically significant relationship between SWB and DTI. In each
specification, no p-value is anywhere near significant. Moreover, the direction of the
(insignificant) association is inconsistent across models. Specifications (3) and (4) test the upper
and lower limits for the AB GMM model in equation (5). Even in these specifications, the
direction of the association changes from negative for pooled OLS (-0.003), positive for fixed
effects (0.017), and then negative again in the AB GMM model (-0.016).

In addition, some control variables remain statistically significant, but the direction of the
association changes. Since the independent variables are lagged in all models, the change in
direction could make sense for some variables. For example, greater income in a prior period
could result in larger DTIs at present if the larger prior income was used to obtain loans. Overall,
the iterations developed to address reverse causality do not provide a clear pattern, apart from the
glaring insignificance of SWB.

Table 3.5 provides results for the overall DTI (IHS DTI) iterations. These models are
consistent with the intensive margin findings — SWB is highly insignificant in both. Like the
intensive margin specifications, the (insignificant) relationship switches from positive to
negative depending on the iteration. For the control variables, income is again positive and
significant in several models. Employment and household size are negative. While the results are
insignificant for the main variable of interest, SWB, the overall DTI specifications do provide a

robustness check for these insignificant results.
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Table 3.5. Addressing Reverse Causality for Overall DTI

Dependent Variable: IHS DTI

(D () 3) 4 (5
Lagged Lagged First Pooled OLS w/ Lagged Arellano Bond
Independent Differences Lagged Independent GMM
Variables (LFD) Dependent Variables w/
Variable (LDV) LDV
IHS DTl 0.564 % 0.035%** 0.337%**
(0.000) 0.007 (0.000)
SWB 0.001 -0.008 0.005 0.001 -0.010
(0.849) (0.109) (0.236) (0.860) (0.470)
In Income 0.033%** 0.096*** 0.100 0.041 0.062%**
(0.001) (0.000) (0.000) (0.000) (0.000)
Age 0.023* 0.0327%* 0.002 0.017 -0.216
(0.081) (0.023) (0.323) (0.197) (0.157)
Age? -0.000%** -0.000** -0.000** -0.000%** -0.000
(0.000) (0.062) (0.021) (0.002) 0.742
White 0.061 -0.766 0.033 % 0.067 1.976
(0.741) (0.144) (0.000) (0.718) (0.708)
Female 0.020 -0.158 0.0397%** 0.026 -13.058
(0.408) 0.144 (0.000) (0.300) (0.565)
Education 0.034 0.068 0.008%** 0.041 0.548%**
(0.211) (0.333) (0.031) (0.128) (0.007)
Employment -0.065%** -0.069%** -0.016 -0.071%** -0.134%*
(0.001) (0.000) (0.176) (0.001) (-0.001)
Unemployment -0.017 -0.031 -0.004 -0.032 -0.063*
(0.443) (0.137) (0.833) (0.163) (0.096)
Household size -0.028%** -0.040%** -0.027% -0.032%*:* -0.044**
(0.000) (0.000) (0.000) (0.000) (0.026)
Children 0.032%** 0.044 0.028%** 0.036%** 0.035
(0.002) (0.000) (0.000) (0.001) (0.198)
Married 0.096*** 0.040 0.113%** 0.081%** 0.178
(0.002) (0.197) (0.000) (0.012) (0.162)
Divorced/Separated | 0.010 0.065 0.046%** -0.003 0.184
(0.813) (0.122) (0.000) (0.949) (0.401)
Widow -0.020 0.001 0.835 -0.030 -1.280
(0.800) (0.994) (0.000) (0.715) (0.138)
Constant -0.216 -0.085 -0.827 -0.169
Time effects Yes Yes Yes Yes Yes
ID effects Yes Yes
Hansen J test 0.000
AR(2) test 0.037
Observations 29,984 19,315 28,307 28,307 18,320
Number of ID 9,819 9,509 7,086

Notes: * p<0.1, ** p<0.05, *** p<0.01. Collapsed instruments used for AB GMM. P=0.000 for
Hansen J test without collapsed instruments. P=0.001 for AR(2) test with ihsdti..
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3.7 Discussion

Results establish that SWB does have a positive, contemporaneous association with both
the intensive margin and overall DTI. However, attempts to address potential reverse causality
from DTI to SWB all yield insignificant results. These results have three possible interpretations.
First, it could be that SWB is associated positively and contemporaneously with household DTI,
akin to a tunnel effect, as a way for households to exercise their agency and invest in themselves.
The insignificance of the other models was because of too long of a minimum lag length (two
years). If this is true, the contemporaneous results suggest that SWB does influence household
DTI, and that SWB could be used to measure credit demand. Second, given the SWB
coefficients’ insignificance when addressing reverse causality, SWB may not be associated with
household DTI. Under these circumstances, any relationship between the two variables runs from
debt to SWB. Finally, without a link from SWB to debt, SWB does not provide a
microfoundation for credit demand. While these findings cannot answer the research question

unequivocally, they provide solid direction for future research.

3.7.1 SWB Has a Contemporaneous, Positive Association with Household DTI

It could be that life satisfaction does influence household DTI, but that the association is
much closer to contemporaneous. Importantly, this chapter does find a positive,
contemporaneous association between SWB and household DTI. Households with greater SWB
could be more likely to have higher DTIs because they have positive expectations for their future
and their ability to service their debts. Higher-SWB households are believed to be more likely to
use debt to invest in their own future.

In particular, the SWB measured in this chapter, life satisfaction, is linked to agency,

capacity, choice, meaning, and purpose in life. Households with a greater belief in their own
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agency and purpose are more likely to invest in themselves. The two biggest items of debt are
mortgage debt and student loans. Both debts are considered aspirational, productive investments.
Mortgages allow acquisition of housing assets. Student loans build human capital. Persons with
greater life satisfaction are more likely to buy homes (Apergis, Hayat, and Kadasah 2019). In
general, persons with greater SWB would be more likely to have debt consisting of these more
expensive items.

Moreover, the positive association between SWB and household DTT is suggestive of a
tunnel effect. If households are influenced by relative income concerns, they may borrow out of
a positive belief that their life will soon improve and realize the gains of their reference group.
To the extent that income inequality and relative income influence both SWB and household
DTI, it could be that widening income inequality boosts SWB as expectations for the future rise,
and then debt is accrued in anticipation of future gains.

In the United States, the presence of a tunnel effect and subsequent aspirational,
productive investment also suggests that those with higher levels of SWB are more likely to
believe in the “American dream.” These people are more likely to believe that the United States
is a country of great opportunity (and mobility), and are willing to take risks, such as higher DTI,
to invest in themselves. When such persons see a reference group getting ahead, they may
borrow to keep up. Belief in the American Dream is associated with the tunnel effect because
those who derive greater life satisfaction from widening relative income are more likely to
believe that greater opportunity is achievable for themselves (Graham 2016). These households
are subsequently willing to assume more debt to invest in themselves and seize such opportunity.

More specifically, results could be explained by middle and upper-middle class

“strivers.” Middle and upper-middle income strata (roughly the 50-90'" percentile) have been
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driving the debt boom in the United States. They also may be more likely to have the agency,
capacity, and aspirations to “strive” for the future. In striving, these households may be more
likely to have higher degrees of life satisfaction and higher DTIs. These strivers would contrast
with low-socioeconomic status households who may perceive income inequality as offering a
lower return on personal investment because it puts the American dream out of reach (Kearney
and Levine 2016; Browman et al. 2019)

The use of SWB as a measure for credit demand is supported by this chapter’s
contemporaneous SWB/DTI specifications. SWB could be a motivating microfoundation for the
credit demand channel. The statistically significant, positive association is present between both
overall DTT and the intensive margin, with estimates for the intensive margin slightly higher.
This pattern of slightly greater intensive margin estimates is consistent with the previous
chapter’s findings about the income inequality/household DTT link.

The contemporaneous, positive association between SWB on DTI found in this chapter is
of a comparable magnitude to the association between income inequality and DTI found in the
previous chapter. This chapter found that a unit increase into a higher life satisfaction category
increased household DTI by about 3.77 percent for the intensive margin and 1.61 percent for
overall DTI. For a one standard deviation increase in SWB (0.856), these results translate into
about a 3.23 percent increase of the intensive margin and 1.61 percent increase in overall DTI.
Relatedly, a one standard deviation increase in income inequality resulted in between 4.7-15.1
percent increases in the intensive margin (with the 15 percent due to the Gini coefficient being
much higher than other measures). For overall DTI, the estimates were 1.4-3 percent. The SWB

results fit roughly within these ranges of income inequality estimates. It is possible that SWB
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could help explain part of the income inequality/household DTI association through credit
demand emanating from relative income concerns. However, more research is necessary.

SWB’s greater estimate for the intensive margin could also be due to additional
explanations still consistent with the tunnel effect. Existing debtors could be more comfortable
taking out additional debt as their SWB increases. In addition, poorer households may be credit
rationed and unable to obtain credit even if they wanted to borrow. Such rationing could suppress
the SWB estimate for the overall DTI specification. Again, more research in many different
contexts is necessary.

Although the contemporaneous results are intriguing, the insignificance of the
specifications addressing reverse causality could call much of this analysis into question.
However, it is possible that all the reverse causality iterations suffer from misspecified lags. With
these PSID data, even a #-/ lag corresponds to a lag of two years. The PSID is administered only
every other year during the period for this chapter. Thus, the specific hypothesis in each reverse
causality specification is that DTT at time ¢ is associated with life satisfaction two years prior.
Such a hypothesis is plausible. Debt is a stock variable that is paid off over time. Therefore, even
if the true effect is contemporaneous and households borrow at time ¢ based on their life
satisfaction at time ¢, that effect should linger beyond ¢ to influence DTI at some #+n. Results
from this chapter indicate that even if the SWB effect goes beyond ¢, it does not extend to ¢+2
years. Unfortunately, the PSID cannot evaluate a lag less than two years. Consequently, more
research is necessary to investigate SWB’s association with DTT at shorter lags or other

strategies for reverse causality.
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3.7.2 SWB Does Not Influence Household DTI?

If the reverse causality models are accurate, results would indicate that SWB does not
influence household DTI. SWB is insignificant in each of the models designed to address reverse
causality. Since evidence in this chapter only supports a contemporaneous SWB/DTI link in the
presence of potential reverse causality — and does not support such a link when the reverse
causality is removed — the significant contemporaneous association may be due to the reverse
effect of debt on SWB.

Such a finding is meaningful for the SWB/debt literature. By providing evidence against
SWB’s influence on debt, the reverse causality specifications strengthen the alternate hypothesis
that, if there is a SWB/debt link, the link runs from debt to SWB and not the other way around.
Of course, the debt/SWB literature is small, and more research is necessary to evaluate the link
between debt and SWB using different data, different countries and cultures, and different

measures of SWB and debt.

3.7.3 SWB Cannot Measure Credit Demand?

Finally, if SWB does not influence DTI, it is unlikely that SWB functions as a
microfoundation for credit demand. If SWB does not influence credit demand, two possible
interpretations follow for the credit demand channel of the income inequality/household DTI
relationship. The most extreme interpretation is that the credit demand channel is nonexistent or
at least muted compared to credit supply. If relative income is associated with SWB, but that
relationship has no statistically significant association with borrowing, an extreme interpretation
would be that relative income does not influence borrowing through the credit demand channel.

The less extreme possibility is that the relative income-driven credit demand channel

does exist, but SWB is not a good way to measure it. Given the extended syllogism that (a)
125



income inequality affects household DTI, (b) income inequality affects SWB, and (c) that a
relationship exists between SWB and DTI, it certainly is plausible that relative income’s effect
on SWB stimulated borrowing. However, it could be that while relative income affects SWB,
that effect is not the channel for measuring the link between the income inequality/household
debt link.

This chapter’s results could also support the interpretation that SWB might not be the
correct microfoundation for measuring the link between relative income and household DTT.
Here, SWB is measured as life satisfaction. Though relative income can influence life
satisfaction, life satisfaction may be too broad of a measure to have a significant association with
borrowing. It may be worth investigating other forms of well-being and other forms of debt. For
example, perhaps hedonic well-being (measuring day-to-day happiness) may influence more
impulsive forms of debt, such as credit card debt. However, a deeper relationship of life
satisfaction influencing household DTI does not appear present when this chapter addresses

potential reverse causality with two-year lags.

3.8 Conclusion

This chapter examined the association between SWB and household DTI. Using panel
data from the PSID, I explored whether households’ SWB is associated with their overall DTI
and their intensive margin. A fixed effects model found that SWB has a significant, positive,
contemporaneous association with both overall DTI and the intensive margin. These findings
provide some hint that SWB could influence credit demand because households with greater life
satisfaction have greater DTIs. This relationship is akin to the tunnel effect. It suggests that those
with higher SWB are more likely to take on additional debt to invest in themselves (such as

mortgage or student loan debt), consistent with belief in the American dream.
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Moreover, much like the income inequality/household DTI relationship, the magnitude of
the association was larger for the intensive margin than for overall DTIL. In fact, the SWB/DTI
association is within the range of the income inequality/DTI association found in the previous
chapter. These findings provide some evidence that perhaps SWB could be used to measure the
credit demand channel, given the background literature establishing the association between
relative income and SWB.

However, this chapter’s inability to tackle potential reverse causality with a statistically
significant model gives pause to these findings. It is possible that the significant,
contemporaneous association is due to debt’s effect on SWB. However, it is just as plausible that
the lags used in various specifications did not accurately capture SWB’s effect on household
DTI. Data used in this chapter allowed a minimum lag of two years, which may be too long of a
time to detect SWB’s influence on DTI. More research is necessary using additional methods to

attempt to tackle this reverse causality issue.

127



Conclusion and Policy Considerations

This dissertation’s key finding in Chapter 2 is that in the United States, certain broader-
based measures of state-level income inequality (Gini, Top 10 percent share) are positively
associated with household DTI, and, in fact, contribute more than alternative explanations to
driving indebted households deeper into debt. However, Chapter 3 finds that higher life
satisfaction is associated with larger DTIs. These findings suggest a possible tension — income
inequality is associated with higher DTI leading to various negative consequences, but happier
people contribute to rising DTI. More abstractly, income inequality may lead some households to
go deeper into debt as they chase the “American dream” and aspire to the same living standards
as higher income earners.

This tension produces interesting policy concerns. If one were to note that social
condition “x” leads happier people to chase the American dream by investing in themselves,
most observers would not see “x” as a policy concern. If anything, “x” would be viewed in a
positive lens. But when “x” is income inequality, and the self-investment comes in the form of
higher DTI, concerns may emerge. After all, the income inequality/household DTT link is
associated with a long menu of negative consequences — financial fragility and crisis, low GDP
growth and secular stagnation, reduced capabilities and less well-being for overly indebted
households. The key concern linking these negative consequences together is that they all occur
when households become overly indebted. Rising DTT is problematic once it rises to the level of
causing personal hardship and macroeconomic negatives.

A main finding of this dissertation — that widening income inequality is associated with
rising intensive margins — triggers such a key concern. If rising income inequality drives debtors
deeper into debt, it can lead to fragility, stagnation, reduced capabilities, and less well-being. A
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society with lower well-being and more stress is clearly undesirable. Moreover, as debt servicing
rises, increased intensive margins limit the resources that households possess to continue to
invest in their own futures, or to consume goods and services on a day-to-day basis. By limiting
available income, increased debt servicing enhances financial fragility and, for lower-income
households, poverty.

The intensive margin specification also links income inequality much more closely with
negative macroeconomic phenomenon such as secular stagnation and financial crisis. If too
many households have too large of intensive margins, aggregate demand can be suppressed,
resulting in stagnation. Increasing intensive DTI leads to households devoting more income to
debt servicing as opposed to new spending. By limiting new spending, aggregate demand can
decline. The decline in aggregate demand results in stagnation. As such, this chapter’s findings
could contribute to Mian, Straub, and Sufi's (2021) theory of “indebted demand.” Under indebted
demand, large debt burdens lower aggregate demand and natural interest rates. Low natural
interest rates encourage further borrowing. Eventually, an economy can become stuck in a debt-
driven liquidity trap steady state where the natural rate is below its effective lower bound.

In addition, while the results of this study do not suggest that income inequality alone can
cause a financial crisis (as some authors have claimed), they do suggest that income inequality
might play a role among other factors in driving the financial fragility that could precipitate a
crisis. More unequal societies with larger intensive margins are in a more financially precarious
place should a recession or financial crisis occur.

Addressing the income inequality/DTI link through policy intervention need not come at
the expense of happier households’ opportunity to seek the American dream. A zero-sum

tradeoff does not exist between mitigating (exacerbating) income inequality and impeding
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(promoting) the American dream. In fact, promoting growth in middle and lower income wages
promotes both the American dream and reduces DTI. Bazillier, Héricourt, and Ligonni¢re (2017;
2021) show that middle income shares are associated with the largest magnitude changes in DTI
— but the relationship is negative. Rising middle income shares are associated with reduced
household DTI by a greater factor than rising top income shares. The (negative) coefficients for
the middle 50-70 percent income share, for example, are roughly three times larger than the
(positive) coefficients for the top 10 percent share and Gini coefficient. Consequently, middle
income share growth can both reduce the macroeconomic consequences of rising DTIs while
promote the American dream through income growth instead of debt burden. Similarly, rising
lower income shares can similarly reduce the stress and hardship associated with debt while
promoting the American dream through increased income.

Policymakers should thus prioritize growth of middle- and lower-income shares to both
reduce income inequality and DTIs and promote the American dream. While specific policy
recommendations are beyond the scope of this dissertation, I provide brief food for thought.
Policies to grow the middle- and lower-income strata and mitigate income inequality are
numerous in both the fiscal and regulatory policy arena and include things such as progressive
taxation, higher education assistance, and labor market policies. Much can be written about
which of these policies are superior normatively or likely to have the largest impact positively,
taking up a dissertation with just these questions. For the concluding remarks for my dissertation,
I will say that the policy makers should focus on what could be achievable politically based on
the wide menu of options at federal, state, or local levels. Policy can move incrementally, and a
policy that is enacted will always have more impact than a proposed policy left on the proverbial

floor.
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Outside of the fiscal and regulatory context, inequality-reducing policies include
considerations for central bankers. In particular, monetary policy authorities should be aware of
income inequality and continue to work to consider it in decision making. The Federal Reserve
has increasingly considered income inequality over roughly the past decade. If income inequality
stimulates the intensive margin of debt, policy makers must be aware how income inequality
lurks as a part of the economic environment that can suppress stability.

In addition to reducing inequality, policies that merely reduce debt are a third option.
Legislators could consider ways to reduce intensive debt burdens. Numerous policy proposals
exist, not the least of which are a variety of ideas related to student loan funding. These ideas
include lowering (or eliminating) the borrowing rate for federal student loans, enhancing
income-based repayment, and expanding loan forgiveness. Fiscal policies to reduce debt burdens
would help mitigate inequality’s association with the intensive margin.

Bankruptcy reforms are another relevant idea. In the wake of the 2020 election, calls
grew louder to reform the 2005 Bankruptcy Abuse Prevention and Consumer Protection Act
(BAPCPA). BAPCPA made it more difficult for individuals to file for bankruptcy and obtain
discharges. While the law was intended to crackdown on “serial” bankruptcy filers ostensibly
gaming the system, legislators and scholars such as Elizabeth Warren have noted potential
unintended consequences in reducing access to a fresh start for many others. Bankruptcy can be
an orderly and beneficial solution for financially fragile and strained households because it (1)
allows for an orderly resolution for creditors to get paid from whatever debtor resources may be
available, and (2) provides the individual with a fresh start to stimulate aggregate demand again
rather than service pre-existing debt. Without bankruptcy, many creditors are left with little more

than attempting to get blood from a stone, and individuals are stuck with an unmanageable
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servicing burden. In the absence of policies to promote growth of middle- and lower-income
shares, bankruptcy protection is just one creative way to mitigate household DTI while still
providing opportunity to chase the American dream through debt.

Promoting middle- and lower-income share growth, inclusive monetary policy, reduced
student loan burden, and added bankruptcy protection are just some policy ideas and
considerations resulting from this dissertation’s study of the income inequality/household debt
link. Continued study of this link will allow for better understanding of the phenomenon and

perhaps more targeted policies.
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Appendix Al: Literature Review Methodology

To identify relevant empirical literature, I formulated a review question and developed a

search strategy based on the following elements: (1) inclusion/exclusion criteria, (2) databases,

(3) search terms. The review question is: is income inequality associated with household debt?

1. Inclusion/Exclusion Criteria

Table A1 summarizes inclusion/exclusion criteria. Areas included independent/dependent

variables, the publication language, countries of publication, and the extent of peer review.

Table Al. Inclusion/Exclusion Criteria

Area Inclusion criteria Exclusion Justification
criteria

Methodology|Empirical research using Theoretical Efficacious for drawing

econometric or other statistical |works, purely relationships between
methodology qualitative quantifiable phenomena
methods (e.g., with many observations.
case study, Provides better comparative
participant analysis.
observation)

Independent |Any income inequality measure, [Does not measure |Review question concerns

Variable including relative income income inequality [income inequality

Dependent |Any debt measure including Other measures  |Data availability provides

Variable household debt (e.g., private excluding wider analysis.

sector debt also acceptable). household debt
(e.g., corporate
debt).

Language |English All other Researcher lacks fluency at
languages not an academic level
translated

Country All countries Comprehensiveness

Peer Review |Publication in peer-reviewed Unpublished texts |Research moving rapidly.

journal, by government, think  |by authors lacking |Broad inclusion criteria
tank, NGO, or other research graduate degree  |provide most
organization, books, working comprehensive current
papers or unpublished texts by status of the scholarly
author with graduate degree research.
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I limited my search to empirical, statistical methodologies, most commonly econometric
methods such as multivariate regression. Statistical methods are efficacious when testing
relationships with quantifiable, broad-based phenomenon. In addition, statistical methodologies
provide for more natural comparative analysis. In contrast, it is more difficult to compare the
findings of a qualitative case study with multivariate regression analysis.

I cast a wide net for variable selection. Independent variables included any measure of
income inequality to provide the most comprehensive assessment. Similarly, dependent variables
included some measure of household debt, but exclusive focus on household debt was
unnecessary. The dependent variable could be some broader measure of debt that encompasses
household debt, such as private sector debt. However, the dependent variable could not exclude
household debt (e.g., corporate debt). Limiting the dependent variable solely to household debt
would have left out several papers that used private sector debt or some other broader measure.
The breadth of the debt measure did not distinguish the results.

Further, the review focused on papers published in English (or formally translated) in any
country due to the author’s language limitations.

Finally, I used broad criteria for the extent of publication. Criteria included peer-reviewed
journals, books, and publications by governments, think tanks, NGOs, or other research
organizations. Working papers or other unpublished texts authored by anyone with a graduate
degree were included. Such broad criteria provide the most comprehensive view of the rapidly
growing research as it currently stands. While research on this question is increasing at the

moment, it is not so large that these criteria provide an unmanageable number of results.
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11. Database and Search Term Selection

This study utilized databases available in EBSCO, supplemented by Google Scholar to
review citations to relevant articles. After identifying potentially relevant abstracts from EBSCO
searches, full articles were reviewed for inclusion. In the process, I identified and reviewed
additional sources cited by these full articles. After reviewing all sources from my EBSCO
search (and papers cited by these sources), I traced citations to all included sources using Google
Scholar. From these citations, I identified and reviewed additional articles and continued the
process of reviewing articles/checking references/checking citations until I could not find any
more articles that fit my criteria.

I used the EBSCO universe of databases because it was the most comprehensive source
available. I selected databases covering economics, sociology, policy, and psychology. These
various disciplines all may research whether income inequality is associated with household
debt. Databases used include Academic Search Ultimate, Business Source Complete, EconlLit,
Psychology and Behavioral Sciences Collection, and SocINDEX with Full Text.

I designed comprehensive search terms with many synonyms. Two main categories were
used. Group A included debt-related terms. Group B included income inequality-related terms.
Group C included income-related terms. Searches included the Boolean connector “and”
between the Group A search terms and the Group B search terms, with “or” linking together each

of the terms within each group. Table A2 shows the list of search terms used.
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Table A2. Search Term List
Group A: Debt- Group B: Inequality-Related Terms Group C: Income-
Related Terms Related Terms
Borrow/ing Deprivation Distribution Income
Credit “Expenditure Cascade” | Inequality
Debt Jones/es Positional
Indebted/ness “Reference Group” “Relative Income”
Loan/s Stratification
Leverage/d

“Income” was the sole term in the income-related category because no synonym precisely
fit the concept of income as commonly conceptualized in the literature. For example, wealth is
distinct from income, and wealth inequality is a related, but separate body of literature from
income inequality. In addition, wage inequality is a component of income inequality, but
focusing on wage inequality would have yielded too narrow results because investment and
business income is an important component of income inequality.

I considered additional search terms but removed them because they included too many
extraneous results. These terms included: arrears, bankruptcy, comparator, comparison/s,
consumer behavior, consumption, credit, finance, financial, liquidity, poverty, saving/s, “social

29 ¢¢

class,” “social status,” underconsumption, and wealth.
III.  Search Results

A review of 2,955 non-duplicative results yielded 53 potentially relevant articles. After
reviewing full text of each, some articles did not meet my criteria and were excluded. For each
article that met my criteria, I reviewed reference sections and checked citing references using
Google Scholar. This process yielded an additional 20 potentially relevant articles. Subsequent
review and citation check for these additional articles yielded five new articles that met my

criteria. Repeating the process with these five articles yielded one final article for inclusion.

This process identified a total of 34 articles that met the review criteria.
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Appendix A2: Studies Identified by Literature Review

Paper Time, Method Dependent |Income Inequality Significance | Significant Variables (Direction)
Unit of Variable(s) |Measure(s) & of
Analysis Relevant Controls Inequality
(Geographic
Focus)
Ahnland 1919-2012 VAR, VECM, |Private Top 1, 5% share, year |Significant |Inequality (+)
(2018) Country Johansen test | Sector DTI | dummies
(Sweden)
Alvarez- 1989-2010 Median HH DTI Top 5% share, 1Vs, Significant |Inequality (+), stronger for
Cuadrado and | HH regression, Relative Income, homeowners. Relative income
Japaridze (“household”) |OLS Demographics (-0.000).
(2017) (U.5)
Bazillier, 1970-2012 OLS, 2SLS, FE |HH DTI, Gini Mixed Advanced: Gini (+) for DTI, not
Héricourt, Country Amount of amount of debt
and (44 advanced HH Debt Emerging: Gini (-) for amount of
Ligonniére & emerging debt, not DTI
(2017) economies)
Bazillier, 1970-2017 OLS, 2SLS, FE |HH DTL, In | Gini, Top 10, Top Mixed HH DTI (advanced): Inequality (+),
Héricourt, Country (30 Amount of | 10/Mid 30-90, Top Dereg (-), House Prices (+),
and advanced, 19 HH Debt 10/Bottom 30, Dereg, Housing ratio (+ mostly)
Ligonniére |emerging) Real House Prices,
(2021) Housing Gross Fixed HH DTI (emerging): inequality (+,

Capital
Formation/GDP,
M2/GDP, In GDP, VIX
index

conditioned on financial openness)

Amount of debt (advanced): ineq
(+), fin open (+), dreg (- mixed),
house price (+ mixed), housing ratio

(+-)

137




Bellet (2014) | 1960-2017 OLS FE, Private Top 1, 5% share, Significant |Inequality (+), Interest rate
Country (17 | System GMM | Sector Interest rate, GDP, (- mixed).
advanced) (t-1) Debt/Income | Population growth,
Inflation, Gov’t debt,
financial liberalization
dummy
Berisha and | 1929-2009 VECM, HH DTI Top 1% share, Theil, Significant | Long-run relationship btwn debt,
Meszaros Country (U.S.) | Johansen & IPL, Gini inequality & consumption.
(2018) Engle-Granger
test
Berlemann 2014 Q1 Logit FE Extensive Relative Income, Significant |Inequality (+).
and Salland | HH (private HH Debt Income, Demographics
(2016) bank customer
data)
(Germany)
Bordo and 1920-2008 OLS FE Amount of | Top 1% share, Short Insignificant | Interest rate (-)
Meissner Country (14 Private term nominal interest
(2012) advanced) Sector Debt | rate, In GDP, In
Investment/GDP, In
real M2, In real credit
growth, Current
account/GDP
Boushey and | 1980-2004 Prais-Winsten |Iln HH DTI | In Atkinson Index (0.5, |Significant |Inequality (+), home equity
Weller Country (U.S.) | regression 1.0 calibration), In measures (+).
(2008) 90/10, In Home
equity/disposable
income per capita (t-1),
In Real mortgage rate
(t1)
Carr and 1999-2009 OLS FE In HH DTI Relative income, Significant |Relative income (+),
Jayadev HH (U.S.) Homeownership, homeownership (+)
(2015) Demographics, Ln Inc
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Christen and |2002-2012 SUR, OLS HH DTI 90/10, Gini (both t-2), |Significant |Inequality (+), assets.i (-), assetsi.
Morgan Country (U.S.) (total, Past asset holdings (t- (+), housing assets (+), interest rate
(2005) mortgage, 1&2), Housing assets, )
revolving, Interest Rate (t & t-1),
non- GDP, Population age
revolving)
Coibion et al. {2001-2012 OLS FE HH DTI In 90/10, Relative Mixed Credit rationing at zipcode, county,
(2020) HH (U.S. zip, Income, not state level. State effect > county
county, state) Inequality*income > zip.
rank, Income,
Demographics
De Stefani 1980/1996- OLS FE In HH DTI In Top 20% share, Significant | Top 20% (-), but (+) when
(2018) 2007 homeownership, interacted with homeownership.
HH (U.S. Inequality*homeowner,
state) Demographics
Destek and | Financial Boostrap Amount of | Top 1% share Significant |Inequality (+) in all countries at
Koksel crisis sub- rolling window | Private various times.
(2019) periods, estimation, Sector Debt
1929-2012 VAR, Granger
Country (10 |test
advanced)
Fasianos, 1913-2008 NADL HH DTI IPL Significant |Inequality (+) in long run for
Raza, and Country (U.S.) positive changes in inequality.
Kinsella
(2017)
Fischer, 1982-2015 OLS FE, 1V FE | Private Top 10% share, Gini, Significant |Inequality (+). Gini 2x stronger in
Huerta, and | Country (155 Sector DTI | IVs, Financial upper mid/high income countries
Valenzuela |advanced & openness, In GDP, than in low/mid income countries.
(2019) emerging) Legal rights, Natural

resources, Inflation,
Bank concentration (all
t-1)
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Fligstein, 1999-2007 OLS FE HH DTI Gini (communting Significant |Gini (+)
Hastings, and | HH zone), Commuting zone
Goldstein (residential median income,
(2017) moves) (U.S.) Inequality*income, In
Inc, Demographics
Georgarakos |2001-2008 OLS, Probit, Extensive Relative Income, IVs, |Significant |Inequality (+). Real wealth (+)
etal. (2014) |HH Tobit (all w/ HH Debt; Net real & financial collateralized loans,
(Netherlands) |FE, IV Amount of | wealth, Demographics,
iterations) HH Debt Employment
Gu and 1920-2008 Robustness Amount of | Top 1% share, Top 1% |Mixed Inequality (+ mixed) Short term
Huang (2014) | Country (14  |tests of B&M | Private share*GDP, Short term interest rate (+ mixed)
advanced) (2012) VAR, |Sector Debt |nominal interest rate, In
Granger, Real money supply, In
random slope, GDP, investment/GDP
SUR, mixed
effects
Gu et al. 1995-2007 System GMM | Private Top 1% share, 1Vs, Significant |Top 1% share (+), Housing (+),
(2019) Country (13- Sector DTI, |Rule of law, Real interest rate significant
16 advanced) Amount of | Trade/business (+ mixed )
Private freedom, Housing
Sector Debt | price/income, Short

term nominal interest
rate, real & nom
interest rate,
investment/GDP,
current account/GDP,
private credit/GDP,
M2/GDP, trade union
density
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Hake and 2008-2018 Probit RE Extensive Relative income, Top 1, | Significant | Credit rationing car & consumption
Poyntner HH, HH Debt 5, 10% share, 90/10, loans, (+) for upper strata (5-9
(2020) (advanced and 75/10, Gini, Bottom 10, decile), (-) or insignificant for 1&2
emerging) 20% share, In 90/10, decile. No rationing consumption
Demographics, loans.
Employment, Inc,
Wealth
Jestl (2019) |2010 Probit, Tobit | Extensive Relative income, IVs, |Mixed Inequality (+ mixed)
HH (13 HH Debt, Real estate & financial
advanced) Amount of | assets, Residential
HH Debt property index, Real
long term interest rate,
Demographics, Inc,
Employment, Savings,
Private credit/GDP,
Public social
expenditure/GDP
Klein (2015) |1952-2008 Pedroni & Amount of | Top 1% share, IPL, Significant |Inequality & debt cointegrated.
Country (9 Westerlund HH debt, Labor income share,
advanced) tests, DOLS Amount of Gini
private sector
debt
Latinovic and | 2000-2015 GLS RE, Amount of | Gini, Top 10% share, |Mixed Inequality (+ mixed). Interest rate
Milosevic Country (21  |Pooled OLS, |private sector | Financial Deregulation, ()
(2019) emerging) FE & FGLS debt Real interest rate,
Investment/GDP, CPI,
GDP
Lebarz Late 1970s- OLS FE HH DTI Decile income share, Significant |Decile share (-), Relative income
(2015) early 2000s Relative income, (-), Wealth (+), Homeowner (+).
Country (21 Homeownership,
advanced & Average wealth,
emerging) Demographics,

Transitory shocks
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Lim (2018) |1970-2015 SVAR, Robust |HH DTI Top 1% share, Gini, In | Mixed Top 1% share (+ Mixed). Median
Country (42 | regression Bank regulation & Gini response (-). More financial
advanced & supervision index regulation = smaller impacts.
emerging)

Loschiavo 2004-2012 LPM, Pooled |Extensive Gini, Theil, Mean log | Significant | Similar credit rationing results as

(2020) HH (Italy, Probit, Probit |HH Debt deviation, Coibion et al. (2020) (similar
regional) RE Inequality*Decile, methodology). Housing prices

Housing price growth, (- Mixed).
Inc, Demographics,

Household loans

growth

Malinen 1972-2008 Panel Private Top 1% share, Short Significant |Inequality & DTI cointegrated.

(2016) Country (8 cointegration | Sector DTI, |term interest rates, Inequality granger causal of bank
advanced) test, FE w/ First [ HH DTI GDP, Investment, Ln credit/GDP.

Differences, GDP, M2/GDP. DSUR inequality (+).
DSUR,
Granger

Mian, Straub, | 1979-2008 Decomposition, | HH DTI Top 1, 6% share, Ln Inc | Significant |Inequality explains almost entire

and Sufi State, Country | OLS rise in HH debt as a financial asset

(2020) (U.S., State) by HHs as a share of national

income btwn 1982-2007

Moore and 1993-2011 ECMFE, t-1 & |HH DTI Top 1% share, In Real |Mixed Inequality & home prices (+) w/ t-2

Stockhammer | Country (13 [t-2 lags house prices, Real short lag. Home prices (+) t-1 lag.

(2018) advanced) term interest rate, In

Real stock price, Ln
Real wage, Population
Age, Welfare spending
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Perugini, 1970-2007 OLSFE, 1V, Private Top 1, 5, 10% share, Significant |Inequality, deregulation (+).
Holscher, and | Country (18 | System GMM | Sector DTI | Inequality* Investments (-) sometimes.
Collie (2016) |advanced) Deregulation, IVs,
Financial deregulation,
Real interest rate,
Investments/GDP,
Capital formation/GDP,
M2/GDP, GDP
Rhee and 1973-2010 FE w/ First In amount of | Gini (t-1), Short term | Mixed Gini (+) overall, developing (+),
Kim (2018) |Country (68 | Differences (t-1 | private sector | nominal interest rate, insig developed. Interest rate (-).
advanced & lag), GMM t-1 |debt GDP, In M2/GDP, In
emerging) Real gross capital
formation
Stockhammer | 1980-2011 Error correction | In amount of | Top 1% share, Gini, Mixed Interaction (+). House prices (+)
and Wildauer |Country (12 | (DFE, PMQG), t- | household Top 1% share* Interest rate (- mixed)
(2018) advanced 1 lags for short- | debt Deregulation, In Real
countries) term housing price, In Real
long term interest rate,
In Financial
Deregulation, Financial
reform, In Inc,
Population age, stock
price index
Thompson 1989-2013 OLS FE PIR (total, In Top 1, 5% threshold |Mixed PIR: Top 5% threshold (+ mixed).
(2018) HH (U.S., mortgage, & share, Relative DTT: Top income (+) for top half,
State) non- income, MSA level top & mid third
mortgage), rent, Housing supply Relative income: credit rationing
DTI elasticity, Housing effect on bottom half & (+) effect

price, Homeownership
rate, Taxes, Inc,
Demographics,
Population Age,
Employment

on top half.
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Yamarik, El- |1977-2010 ADL FE (MG, |Private Top 1% share, Gini, Significant |Inequality causes real estate lending
Shagi, and Country (U.S.)| PMG, DFE), Sector DTI | Theil, Ln Real wages & & vice versa.

Yamashiro VECM, salaries

(20106) Granger
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