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Abstract

This paper exploits a detailed new dataset with comprehensive panel financial information on
millions of American households to investigate the interaction between household balance sheets,
income, and consumption during the Great Recession. In particular, I test whether consumption
among households with higher levels of debt is more sensitive to a given change in income. I
match households to their employers and use shocks to these employers to derive persistent and
unanticipated changes in household income. I find that highly-indebted households are more
sensitive to these income fluctuations and that a one standard deviation increase in debt-to-asset
ratios increases the elasticity of consumption by approximately 25%. I employ household savings
and credit availability data to show that these results are driven largely by borrowing and liquidity
constraints. These estimates suggest that the drop in consumption during the 2007-2009 recession
was approximately 20% greater than what would have been seen with the household balance sheet
positions in 1983.

*Thanks to Nicholas Bloom, Caroline Hoxby, Luigi Pistaferri, Ran Abramitzky, Steven Davis, Bob Hall, Pablo Kurlat,
John Taylor, Itay Saporta, Andrey Fradkin, Pete Troyan, Siddharth Kothari, and Frederic Panier for their invaluable
advice and support. Thanks also to numerous seminar participants at Stanford and the American Economic Association
meetings for their helpful comments and suggestions. This research was supported by the Bradley Research Fellowship
through the Stanford Institute for Economic Policy Research. The author was a paid part-time employee of the firm
owning the data utilized for this paper but was not paid for work related to the paper and the paper was not subject to
review by the firm prior to release.



1 Introduction

The Great Recession of 2007-2009 featured a historically large buildup in consumer debt (see Figure
1)) preceding a dramatic decline in consumer spending. The possibility that higher levels of household
debt induce deeper or longer recessions has important implications for both financial and mortgage
regulation as well as for modeling the business cycle. More broadly, a better understanding of the
dynamic relationship between a household’s spending decisions, income process, and balance sheet, is
imperative to accurately describing microeconomic drivers of business cycles. Despite the importance
of understanding the nature of the relationship between household balance sheets and consumption
behavior, the case for a causal relationship between the two has been difficult to build due to endogeneity
concerns as well as limited data covering the entirety of household finances.

The fact that recessions in the United States have often been preceded by debt buildups has led
to a wide range of research investigating the relationship between household debt and the business
cycleE A growing body of research has identified household balance sheets as important channels
through which financial shocks to households can be amplified, with higher debt-to-asset ratios leading
to higher implied elasticities of consumption with respect to wealth. Supporting evidence for this view
can be seen in periods as diverse as recessions in the United States such as the 1990-1991 recession, the
Great Recession, as well as the ‘Lost Decade’ in Japanﬂ In addition, theoretical work has described the
pathways through which household debt could influence consumption elasticities, often by appealing to
liquidity constraints or borrowing limitsﬂ

However, many of the most commonly utilized incomplete-markets models take a simplified view of
household balance sheets, with only a single savings instrument that abstracts from simultaneous asset
and debt holdings. For instance, while a standard Bewley model predicts a decline in the elasticity of
consumption with respect to income for households with higher wealth, it fails to predict any consequence
of gross debt buildups or increases in debt to asset ratios conditional on net asset holdings.

This paper analyzes this relationship with new data covering a large number of American households
and their employers over 6 years, from 2008-2013, and illustrates how balance sheets and access to credit
shape the household consumption response to income shocks. I find strong evidence that liquid savings

and access to credit drive nearly all of the heterogeneous consumption responses to income, while debt

'For example, see work by Glick and Lansing (2009), Isaksen et al (2011), the IMF (2012), Igan et al (2012), and
Chmelar (2012)

2Mishkin (1977, 1978) describes both the Great Depression as well as the 1973 recession through the lens of consumer
balance sheet movements. Others, including Mian and Sufi (2010, 2011, 2013), Dynan (2012), King (1994), Leamer (2007),
Koo (2011), and Olney (1999) examine the path of consumption during recessions and find links to debt accumulation.
Carroll and Dunn (1997) view the 1990-1991 recession as a consequence of the debt buildup of the 1980s as well as sudden
worsening of unemployment rate expectations which ignited household desires for paring down debt levels. See Petev, et
al (2011), French, et al (2013) and Figure for discussions of the dramatic drop in income growth expectations since the
Great Recession in the United States.

3Eggertsson and Krugman (2011) are among those to give theoretical evidence for debt-driven recessions where some
agents are forced to deleverage, due to revisions in how much debt it is safe for agents to hold, thereby decreasing aggregate
demand in conjunction with nominal rigidities like the zero lower bound. Guerrieri and Lorenzoni (2011), Hall (2011),
and Midrigan and Philippon (2011) develop models speaking to household debt as a cause of painful recessions. As an
alternative explanation, Alan, Crossley and Low (2012) find that a deleveraging and increase in the savings rate is driven
by an increase in income uncertainty, modeled as an upward shift in the variance of permanent income shocks. Finally,
Kreiner, et al (2013) note that, while the two are correlated, there is substantial variation in the relationship between
credit and debt at a household level, emphasizing the importance of measuring each separately.



plays a minor role. This paper is the first to utilize a panel of comprehensive high-frequency household-
level financial information to answer this question. This allows for more precise identification strategies,
a more generalizable result, as well as the ability to highlight particular channels through which the
observed effects occur, without many of the concerns that come with the more aggregated data often
used in the existing literature.

An important consideration when analyzing income and consumption interactions is the fact that
changes in labor market income are often endogenous, with individuals and households adjusting labor
market participation at both the extensive and intensive margins in response to anticipated events. To
address this endogeneity, I turn to a common source of labor market income variation, firms that employ
members of the household (hereafter referred to as ‘employers’). Given the importance of wage income
and bonuses to household income, both positive and negative shocks to employers can drive persistent
and nontrivial changes in total household income. I argue that these shocks are exogenous to any given
employee and that the high-frequency nature of the data allows for explicitly testing, and supporting,
the assumption that these shocks are unanticipated by the household.

In particular, I use highly detailed household financial data to provide empirical evidence that
both confirms and expands standard incomplete-markets frameworks. Looking at changes in monthly
and quarterly household income and consumption, I test whether consumption among households with
higher levels of debt is more sensitive to a given change in income. I find substantial heterogeneity in the
consumption response to income shocks across households and that this heterogeneity is systematically
and causally linked to balance sheet positions.

In total, this paper makes three primary contributions. First, I develop a panel dataset featur-
ing comprehensive and high-frequency financial data from over 150,000 households and match these
households to their employers. I find that ‘firm shocks’ such as large and surprising earnings reports,
layoff announcements, mergers, acquisitions, or write-offs significantly impact household income. As
with other literature studying long term effects of labor market shocks, I present evidence that suggests
these changes in household income are persistentﬁ I find less than full support for the strong per-
manent income hypothesis, though estimates in this paper are largely short- to medium-term and thus
may understate eventual consumption adjustmentsﬂ

Second, I find that the elasticity of consumption with respect to income is significantly higher
in households with high levels of debt. This heterogeneity persists after conditioning on household
demographics or other household financial characteristics. In addition, significant effects are maintained

when instrumenting for levels of debt, suggesting that the relationship between debt and consumption

“Davis and Von Wachter (2011) and Jacobson, LaLonde, Sullivan (1993) note that job displacement episodes have
sizable and persistent effects on earnings, even when quickly transitioning to new firms. Oreopolous, Von Wachter, and
Heisz (2008) find that new labor force entrants experience persistently lower wages when first entering the labor market
during a recession. Roys (2011) estimates a structural model of the firm in which negative firm shocks can drive persistent
declines in wages.

Hall and Mishkin (1982) and Agarwal et al. (2007) find that consumers respond too greatly to temporary income shocks
to be consistent with the theory. Wilcox (1989) finds increases in consumption when income increases are implemented,
not when they are announced, contradicting the income-smoothing predictions of the model. In contrast, Wolpin (1982)
and Souleles (1999), among others, find consumption responses and smoothing behavior entirely consistent with the theory.
Aguiar and Hearst (2005) carefully document time use following retirement, highlighting the distinction between household
consumption and household expenditures.



elasticities are not driven by unobservable household preferences.

Third, I show that differential household consumption elasticities with respect to income among
households with varying levels of debt and debt-to-asset ratios can be explained primarily by borrowing
and liquidity constraints. I find that as access to liquid assets and consumer credit increases, het-
erogeneity in debt ratios has little to no impact on consumption elasticities. This result is consistent
with numerous studies of constrained consumers that exhibit convex elasticities of consumption when
approaching borrowing limitsﬁ Moreover, this finding can help to outline the mechanism by which
household debt has been found to impact consumption elasticities by Mian, Sufi, and Rao (2013), Dynan
(2012), and others. The strong relationship between household balance sheet positions and consump-
tion behavior stresses the importance of more nuanced models including aspects such as endogenous
and heterogeneous borrowing constraints or simultaneous asset and debt holdings. Moreover, I find
that consumption elasticities are more sensitive to liquid wealth and debt levels than to illiquid wealth
such as housing assets. This finding implies that simultaneous increases in mortgage debt and housing
wealth, as seen during the mid-2000s, may have driven increased household consumption elasticities
during the Great Recessionm

While I find that much of this variation is driven by borrowing and credit constraints, other channels
may also play roles in influencing the relationship between household balance sheets and consumption
behavior. One possibility is that household utility functions may be directly impacted by levels of debt.
If households are averse to holding large amounts of debt relative to their income, a decline in income
will prompt larger declines in consumption among highly indebted households in order to restore the
desired debt-to-income ratio for a wide range of loss functions.

Overall, this paper’s findings suggest that changes in household balance sheets, such as increases in
gross debt or debt-to-asset ratios, have been important drivers of household behavior during the Great
Recession and the subsequent recovery. Importantly, I provide evidence that the buildup in household
debt in the years leading up to the recession increased sensitivity to declines in household income. These
results point to the possibility of deeper recessions and increased macroeconomic volatility in countries
with higher levels of household debt, especially when the assets purchased with debt are illiquid in
nature.

The remainder of the paper is organized as follows: Section 2 describes the various data utilized in
the empirical analysis. Section 3 details a number of exercises undertaken to validate various components
of the data and Section 4 discusses a basic theoretical framework. Section 5 presents empirical results
while Section 6 discusses a back of the envelope calculation of the aggregate effects of leverage during

the Great Recession. Section 7 concludes.

5For one such recent study, Bishop and Park (2010) demonstrate that marginal propensities to consume drop steeply
following a relaxation in binding borrowing constraints. Zeldes (1989), Johnson et al (2006), and Blundell, Pistaferri,
and Preston (2008) all find higher levels of consumption sensitivity to income fluctuations among poorer and more credit
constrained households. While a minority of papers, such as Shea (1995), find differently, the overall literature strongly
supports the impact of credit constraints on the ability for households to smooth consumption across changes in income.

"Kaplan and Violante (2011) develop a model which allows for simultaneous holdings of debt and assets with the
introduction of a high-return housing asset with transaction costs. Due to transactions costs making liquid and illiquid
wealth imperfect substitutes, they use this model to explain why even wealthy households with substantial net assets may
behave as though borrowing-constrained.



2 Data

2.1 Household Financial Data

The household financial data used in this paper comes from a large online personal finance website. The
site provides a service that connects users’ financial accounts so that user can see all of their accounts
in a single location. The site allows for users to easily see summaries of their income, spending, debt,
and investments across all of their accounts and has other features such as budgeting or financial goal-
setting. The site has grown rapidly, from under 300,000 users in 2007 to more than 3 million active
users by 2012. This large user-base has yielded a database of more than 5 billion transactions across
over 10 million individual accounts. These accounts span all manner of household financial products
including checking accounts, savings accounts, credit cards, loans, property and mortgage accounts,
equity portfolios, and retirement accounts.

The basic data elements are individual bank and credit card transactions that are automatically
recorded through links to users’ banks and credit providers. Each transaction is time-stamped and has
information about the other party, whether it was a credit or debit, and contains a full description of the
transaction as you would see on your monthly bank or credit card statement. From this merchant and
descriptive data, the site automatically categorizes each transaction into one of over 100 categories (such
as ‘Groceries’, ‘Gasoline’, ‘Student Loans’, ‘Fast Food’, or ‘Pet Stores’) in order to provide easily readable
spending and income breakdowns to the user. From these data, I derive measures of total household
spending and income as well as subsets of income and spending based on the categorization of the
transactions. This categorized spending and income data provides an invaluable source of information
regarding each individual user’s financial means and behavior.

In addition to transactional data from bank and credit card accounts, the site automatically archives
daily balance data for equity, retirement, property, real estate, and loan accounts. The loan and property
data, in particular, form the basis of important components of analysis in this paper. Loan data consists
primarily of car loans and home mortgages, while property accounts denote the value of home prices
over time for each homeowner. I use this data to determine gross and net housing wealth at a household
level. Often accompanying this balance data is information on interest rates, types of accounts (such
as IRA or 401k), and the bank or firm providing the account.

One major advantage of this data source over other sources, such as government survey data like the
Current Population Survey or the Consumer Expenditures Survey, is that the data are obtained directly,
automatically, and continuously from the households’ financial institutions. This greatly minimizes
measurement error and biases in recollection about both financial flows as well as stocks (in terms of
both errors in amounts and errors in timing of consumption or income) that are endemic to survey data.
A second advantage is that it provides comprehensive income and spending data for all households in
the sample, avoiding potential external validity problems when compared to other datasets that solely
include information on, for example, household spending on food. Such narrower datasets may result
in biased estimates when households of different characteristics (e.g. income level) may systematically
differ in the proportion of their budgets that are spent on food, certain types of durables, or other

particular categories of spending. For both of these reasons, this data provides a more comprehensive



and unbiased source of household financial data than other previously used sources.

In addition, household data allows for a much wider range of financial situations relative to geo-
graphically aggregated data. For instance, across counties in 2006, average debt-to-income ratios ranged
from approximately 1 to 3 and average mortgage-to-house value ratios ranged from about 0.30 to 0.95.
In contrast, individual households naturally spanned a wider range of balance sheet positions, with
debt-to-income ratios of 0 and in excess of 15. Similarly, mortgage-to-home value ratios ranged from 0
to over 2, with many households underwater on their homes and thus having a ratio of more than 1.
Allowing for the consideration of these more extreme balance sheet positions is crucial for accurately
characterizing the microeconomic drivers of the 2007-2009 recession.

An important consideration when dealing with this data is to consider the number and type of
linked accounts for a given user over time. As the site was rapidly expanding in recent with a multitude
of new users who were gradually linking financial accounts, looking at simply the per-user spending
patterns could potentially give a distorted view. If an individual had two credit cards and had only
linked a single one, when they add the second card the site would register a large increase in spending
whereas there was not truly a real spending increase. To combat this bias, I employ three cleaning and
robustness strategies. First, I exclude data from a user’s first 3 months using the site, as this period is
typically when most of the adding of accounts takes place. Second, I exclude users with highly volatile
numbers of accounts or insufficient numbers of accounts (require > 3 accounts), as it seems likely that
there is unobserved actions being taken here that I cannot control for adequately. In addition, I also
perform robustness tests for most specifications where I utilize spending or income per account instead
of total spending or income across accounts as an alternate measure. I find results that are qualitatively
unchanged, suggesting that the mitigating steps taken to address this potential bias achieved their aim.

In addition, I test whether demographics or finances affect how often individuals utilize the website.
This could be an issue if certain types of users utilize the site more frequently and thus any changes to
their financial circumstances are made more salient. I find that younger individuals and higher income
individuals are weakly more likely to check the website. However, these effects are not dramatic, with a
one standard deviation in age or income only yielding a 32% and 14% change in site visits per quarter,
respectively.

Another concern could be related to which individuals a given user account covers. If a married
couple possess two separate accounts on the website with some overlapping joint accounts, I may
have only a distorted view of each ‘user’s’ finances. Thankfully, in conjunction with the financial
data, users provide demographic information such as age, sex, marital status, and the size of the
household. Users also list whether they are a homeowner, their profession, their level of education,
their income level, and their location. Using this data, I test how usage patterns relate to self-reported
demographic characteristics. Testing whether I can identify the same transactions occurring on multiple
users’ accounts, I find few instances of these overlapping transactions, suggesting that few users have a
joint account listed that is also listed by another user.

In addition, I find that users who self-report being married are dramatically more likely to have
joint bank accounts, multiple savings accounts, multiple paycheck streams and users with children can

be observed spending significant amounts on child-related activities and education. Overall, site usage



patterns point to the conclusion that linked financial accounts cover the entirety of a household. Thus, I
equate a user of this financial website with a head-of-household in the Current Population Survey (CPS)
or a ‘consumption unit’ in the Consumer Expenditure Survey (CES)H For example, a ‘user’ represents
the entirety of household spending for married couples but only represents an individual’s spending for
an unmarried individual living with roommates.

Being a software start-up, the demographics of the website were initially very different than those
of the national as a whole. Key user characteristics like gender and age were starkly different than the
national distribution in 2007 (being younger and more male). The divergence from national averages
presents both benefits and problems. Though the unweighted data cannot be directly used to obtain
unbiased estimates that can be extrapolated to the entirety of the US population, I am able to capture
much of the spending by high-income earners that is often missed in other survey-based datasets like
the Consumer Expenditure Survey that under-sample rich households.

While the demographics of the user-base were initially very different, they have become much closer
to a representative national distribution by 2013 as the user-base grew dramatically. Moreover, con-
ditional on observable household demographic and locational characteristics, financial behavior among
the users seems to track closely to national averages. Validation of the ability to transform the observed
financial data series into a relevant and representative sample of American households using CPS house-
hold weights is covered extensively in Section 3. CPS-weighted and unweighted summary statistics of
the sample population can be found in Table [1| and Table

One drawback of the data is that it does not have as complete a coverage of cash or check transactions
relative to credit and debit transactions. Cash transactions can only be fully observed when a user
manually enters them, though inferences about other cash transactions can be made as cash withdrawals
from banks and ATMs can be directly observed. An estimated 6-8% of total spending is done with cash
in the United States, compared to approximately 3-4% of spending done with cash in the sample data.
A larger omission could potentially stem from check transactions, which can be observed but cannot
be automatically categorized. Such transactions make up about 15% of total observed spending among
households in the sample. Through inspection of manually re-categorized checks (check transactions
where the user manually changed the category and description of transaction type), I find that check
transactions are primarily driven by large, regular transactions like mortgage payments, rent, and utility
bills. In my desired sample of employees of publicly-listed firms, paychecks make up a very small portion
of these check transactions, as the vast majority of public firms’ employees are paid by direct deposit (see
NACHA 2010 PayitGreen survey), which can be almost perfectly observed with their correct category
coding.

A second drawback is that I cannot observe withdrawals from an individuals’ paycheck prior to
their receiving it. For example, transactions like healthcare premiums, 401k contributions, and FICA
payments are often unobserved (if I do not see the retirement account itself), as I only see the resultant
paycheck that is deposited into a checking account, not the originating payment. Thus, for all households

drawing a paycheck, I generally measure post-tax and post-benefit (401k, healthcare) pay, thereby

8Demographic information for a user only encompasses a single person, while the financial information seems to cover
all household members. For this reason, I take the self-reported demographic information on the user’s profile to be that
of the ‘head-of-household’ for the purposes of CPS comparison.



estimating based on take-home income rather than total gross pre-tax income.

2.2 Firm Shocks Measurement

One potential measurement issue with looking at changes in household income is that households may
adjust current spending in anticipation of future changes in household income that are unobserved by
the researcher. To ameliorate this issue, I turn to using shocks originating from household employers to
instrument for changes in household income. I largely employ firm shocks rather than firm stock returns
primarily to help minimize the endogeneity and persistence in stock returns at a high-frequency level,
picking out singularly large shocks to the firm. These shocks have sizeable impacts of household income
and, in addition, there is reason to believe that the exclusion restriction holds and that shocks to the firm
impact household spending solely in ways that are captured by household income. While it is possible
that firm performance may influence future career prospects and thus current spending patterns, it
seems likely that brighter career prospects would be accompanied by higher contemporaneous pay.

I utilize three sources to compile data regarding large shocks to firms, a summary of which can be
found in Table[l} The first source data from the SEC’s required 8-K filings for public firms. These filings
are required by firms for a wide range (over 20 types of events) of firm-specific actions such as firm or
plant closures, changes to the board or principle officer, or significant merger and acquisition activity.
These filings were instituted as an effort to increase mandatory disclosure of pertinent information for
shareholders. Moreover, the filings must be promptly released after any such event, with the SEC
requiring release within the four days following the event itself.

For the purposes of this project, I focus on firm layoffs, acquisitions and sales completions, large
write-offs, and large earnings report surprises. These shocks share three beneficial characteristics.
First, they are relatively clear in their interpretation and scope. Second, they have sizable firm equity
movements associated with their occurrence and thus are plausible drivers of employee earnings and
earnings expectations. Finally, both investors and employees do not seem to exhibit any foresight
regarding the announcements and subsequent equity movements, with little change in stock prices or
consumption among employees prior to the shock. Timelines of these events are shown in Figure

The second source for firm shocks is the Institutional Brokers’ Estimate System (I/B/E/S) which
enables me to collect data on quarterly earnings report for all publicly listed firms in my sample. From
this data, I construct indicators for particularly surprising positive or negative earnings report, where

a large positive earnings report surprise is:

(EPS—E[EPS])
SharePrice

> 0.02

and a large negative earnings report surprise is:

(EPS—E[EPS])
SharePrice < —-0.02

That is, I categorize an earnings report as a ‘large earnings surprise’ when the difference between earnings
per share and expected earnings per share is larger than 2% of the firm’s share price. A graph of large

positive and negative earnings report surprises over time is displayed in Figure [2. A 2% threshold was



used to approximately capture the top and bottom 1% of earnings announcements. Results are robust
to using cutoffs of 1% or 3%.

Finally, I use a news-based strategy of identifying layoffs in order to provide an alternate measure
of firm layoffs that also gives an intensity scale (rather than simply an indicator of layoffs). I compile a
database of firm layoffs through the use of the Access World News Newspaper database. When reporting
on layoffs, newspapers tend to construct titles using a set format; a practice confirmed through manual
inspection of a large number of known layoffs, extended trials of search terms, and through talking to
business journalists. With this in mind, I use this database of over 1,500 US newspapers to search the
archive for article titles that mention each firm’s name, or common shorthand for the firm’s name, as
well as a set of terms indicative of layoffsﬂ Thus, this query compiles a set of all articles that have titles
similar to “Wells Fargo to cut 4,000 jobs” or “Alcoa lays off 2,400 workers”.

This search returns approximately 5,000 articles since 2008 covering almost 400 firms. I attempt to
exclude false positive matches by removing matches with fewer than 3 articles about a layoff on a given
day. Furthermore, given the structure of the title of these articles, I am able to extract the number
of individuals laid off during each episode and validate this number by checking the matched number
of layoffs across articles regarding the same firm and day. The final sample covers 113 firms and 246
separate instances of layoffs in the sample period. A sample of these layoffs are reported in Appendix
Table [B2

Table [2| tests for anticipation of these shocks to firms among both employees and investors. Columns
(1) - (4) regress firm returns and a selection of firm shocks on lags of various pieces of observable
household financial information such as income, wealth, and spending. I run these regressions at a
high-frequency, monthly, level and find no evidence for changes in income, spending, or wealth among
employees in the months leading up to layoffs or large positive or negative earnings announcements.
Column (5) demonstrates the same principle at a firm level, with stock returns not reacting to shocks
in the months before the shock occurs, suggesting no anticipation of the shocks by investors. This
contrasts with a strong response in the stock price seen after the shocks take place, as seen in column
(6). This paper currently limits the effect of the various firm shocks to shifts in the level (or growth
rate) of employee earnings and assumes that this mean effect is thereafter anticipated by the affected
employee. I do not explicitly consider changes in the variance of employee earnings over time based on
these firm shocks.

In addition to being seemingly unanticipated, I find that these shocks to employers exhibit a high
degree of persistence in terms of their effects on household income. Figure [3] plots logged average
household income levels before and after positive and negative shocks to household employers after
removing a time trend. I find persistent effects on household income remain up to 6 quarters following
both positive and negative shocks.

Because my data is limited to a 5-year period, I cannot reject that the impact of a given firm shock
dissipates gradually over the ensuing years. However, highly persistent effects on income would be

consistent with much prior work finding that shocks to firms, job displacement episodes, and having

9 Articles must contain a term from the set (positions, jobs, employees, workers, notices, roles, staff, personnel) as well
as a term from the set (slash, slashes, slashing, lost, losses, layoffs, sheds, axes, cuts, fires, layoff, shed, axe, cut, cutting,
axing, shedding, reduce, ”lay off”)



bad initial labor force experiences can affect long-term Wagesm In general, household income derived
from employers is highly persistent. When estimating the wage process as a quarterly AR1, I find
a coefficient on lagged firm-related income of over 0.96. Total household income is somewhat less
persistent, with an estimated coefficient on lagged total household income of approximately O.9QB This
estimate is consistent with other estimates of the household income process which often find AR(1)

coefficients in excess of 0.90.

2.3 Firm Matching, Firm Shock Power, and User Selection

I match users to their employers using textual descriptions from users’ direct deposit transactions. Direct
deposit transaction descriptions are generally characterized by indicators that the transaction is a direct
deposit, a string representing a firm, and anonymized identiﬁers@ Using a flexible natural language
processing algorithm, I compare these paycheck descriptions to a seed list of firms to match to. The pool
of firms used is the universe of publicly listed firms in both the NASDAQ and NYSE. For each firm, the
matching algorithm is allowed to ignore things like punctuation such as hyphens, periods, or apostrophes
and allows for abbreviations of the full firm name. In addition, I include a large number of unconventional
abbreviations obtained through manual inspection of the largest 100 firms by revenue as well as the
largest 100 firms by employment in the sample (e.g. ‘TGT’ is an identifier for a direct deposit from
Target). Looking across all users of the website, the set of users able to be matched to their employers
contains 1948 employers employing over 700,000 household members. The set covers employers from all
major sectors, including retail, technology, banking, industrial/manufacturing, media, and professional
services. Many matched firms employ large numbers of users, with several firms employing over 5,000
users each.

I limit my analysis to a sub-sample of users able to be linked to a publicly listed employer for a period
of at least 4 quarters. Moreover, I exclude users matched to firms that have fewer than 50 observed
users in my data, ensuring at least a moderate level of within-firm variation across individuals and
making it less likely that a firm was matched to a user erroneously through a rare or custom transaction
description.

One method in which I can jointly test whether the firm-employee matching algorithm was accurate
and whether employees react to their employer’s performance can be seen in Appendix Table This
table displays some quantification of the relationship between employer performance and consumer
spending. Here, I match individuals in my sample to their employers during the duration of their tenure
there. In addition, I construct a variable matching them to the same employer for up to 6 months prior
to their working there and up to 6 months afterward if they leave.

For instance, if I observe an individual working for General Electric from July 2010 to September

"Davis and Von Wachter (2011) and Jacobson, LaLonde, Sullivan (1993) note that job displacement episodes have
sizable and persistent effects on earnings, even when quickly transitioning to new firms. Oreopolous, Von Wachter, and
Heisz (2008) find that new labor force entrants experience persistently lower wages when first entering the labor market
during a recession. Roys (2011) estimates a structural model of the firm in which negative firm shocks can drive persistent
declines in wages.

1Both estimates remove quarter fixed effects to control for seasonality.

12Some examples of such descriptions are: “21ST CENTURY INS DIR DEP”, “SAVINGS DEPOSIT - DIRECT DE-
POSIT FROM TGT PAY REG SALARY”, and “GOOGLE, INC DIRECT DEP”
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2012, T match his consumption behavior to the stock returns for General Electric from January 2010
to December 2012, including the 6 months before he began working for General Electric and 3 months
after he left. If employees do respond to their employers’ performance, captured by their stock price, we
would expect to find that household spending responds to stock prices during the period of employment
with the firm, but not before or afterward. Columns (1) and (2) show results of simply regressing
household spending on employer stock returns for the period before, during, and after employment at
a given firm. We find mild positive impacts of stock returns on spending, though insignificant without
financial controls. Columns (3) and (4) give results from a regression of household consumption on
employer returns (inclusive of the 6 months preceding and following being matched to the employer) as
well as an interaction of employer returns with an indicator for whether the individual currently works
at that firm. Here we see that the interaction term’s coefficient is positive and significant while the
uninteracted term is insignificant. This suggests that individuals are reacting to current employer stock
price and that the firm-employee matching algorithm performed reasonably well given that they do not
react to their future employers’ stock price prior to being hired or following a departure.

Moreover, a household’s employer has little predictive power for household debt-to-asset ratios, with
each firm employing a range of employees with widely varying income, wealth, and debt characteristics
(see Figure 4] for distributions within several selected firms). Running a regression of 2008 household
debt-to-asset ratios on household demographic and locational characteristics, as well as employer fixed
effects, I find unadjusted significant effects for only 5 out of more than 200 employers in the sample.
Households may vary in their financial characteristics, even controlling for employer, demographics,
and income, for a variety of reasons. For instance, households may have had varying shocks in the
past, such as medical incidents, large inheritances, or differing marital circumstances. There may exist
heterogeneity among otherwise similar households in the expectations about future financial paths or in
inherent traits such as risk aversion or discount rates. In addition, households may vary in the degree
to which other behavioral factors such as “mental accounting” or “rule of thumb” behavior influences
spending and asset accumulation decisions. Finally, household characteristics do not seem to predict
being employed by a firm that is subject to more or fewer firm-level shocks. Running a probit of firm
shocks on household demographic and locational characteristics, I find no significant effects.

Shocks to a household’s employer have moderately large impacts on subsequent household income. In
Table[3], I test whether firm-driven shocks impact income of various types among employee households. I
consistently find negative effects on household income following ‘negative’ shocks such as large negative
earnings surprises, layoffs, and material impairments while finding positive effects of large positive
earnings surprises and completions of acquisitions or dispositions. For instance, from column (2) I find
large positive earnings surprises tend to increase overall income by about 0.7-1.1%. Similarly, large
negative earnings surprises decrease spending by about 1.3%, Column (3) shows that non-firm based
income (such as rental income, stock dividends, or spousal income from a different firm) is unaffected
by shocks to a household’s employer. This is evidence that there is little offsetting income response to
firm shocks along other margins and that these shocks do represent changes in household income and
not just a shift of income from one source to another.

Columns (4) and (5) show the impact of these firm shocks on paycheck income separately from bonus
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income, which displays much higher effects given the more dramatic volatility inherent in bonuses. Im-
portantly, paycheck income, a more persistent component of employee compensation, is still significantly
affected and points to persistent effects on household incomeﬁ

Column (6) collects the firm shocks into two bins, with large positive earnings surprises and acqui-
sition/disposition completions defined as positive shocks and large negative earnings surprises, layoff
announcements, and material impairments defined as negative shocks. I again find positive effects of
positive shocks on both spending and income and negative effects of negative shocks, with magnitudes of
the order of 0.8%-1.2% increases or declines in income and spending following a shock. Overall, shocks
to employers are strong drivers of changes in paychecks and bonuses in particular and household income
in general. Moreover, the shocks are moderately persistent, with lower levels of income remaining one
year following the various firm shocks.

These results suggest the potential for additional work examining the mechanisms behind household
income adjustments driven by firm shocks. Table [3] finds significant effects both on regular income as
well as bonus income at a fairly high-frequency level. Splitting the two sources of the decline, I find that
the impact on bonus income occurs more rapidly while declining over time while the impact on payroll
income grows and stabilizes over several quarters. However, some of the observed impact on regular
payroll income may in fact be bonus income rolled into regular paychecks. In addition, it may be the
case that hours adjust for some employees following good or bad news for the firm. For instance, a firm
reporting extremely bad earnings numbers may be under pressure to cut costs and cut hours assigned
to employees. Unfortunately, the data is unable to distinguish between changes in hours and changes

in rates of pay and may conflate the ton

3 Data Validation

One concern is whether users have linked sufficient accounts to the site to get an accurate picture of
their finances. A random survey of 3,649 site users in 2011 provides some reassurance on this point. It
found that over 95% of users had linked all or almost all of their checking accounts and over 93% of
users had linked all or almost all of their savings accounts. In addition, 91% of users had linked all or
almost all of their credit cards. While these accounts had the highest coverage rate, over 75% of users
had linked all or almost all of their equity accounts. Similarly, over 90% of users who self-identified as
homeowners included information about their home value or mortgage. This evidence points to near-
complete coverage of active users’ accounts that get the most frequent use and attention. Despite this,
we find less complete coverage of more unconventional asset accounts such as retirement accounts, with
only approximately 50% of users linking all or almost all of this type of account. This pattern seems to

derive from the fact that the most common use of the website is for tracking income and expenditures so

13Non-parametric time series analysis finds stronger impacts on bonus income in the near-term (under two quarters),
while changes to paycheck income occur over a generally longer period (1-3 quarters)

14 Appendix Tablepresents results from specifications mirroring the main results in Tablebut utilizing solely changes
in logged paycheck income or bonus income as a dependent variable. I find that spending is more elastic in response to
changes in paycheck income than overall household income. Moreover, looking only at bonus income, I find lower levels
of elasticity and no significant association with levels of household debt, consistent with the fact that changes in bonus
income are fairly transitory.
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categories that see the most frequent transactions are those that are most likely to be linked. Moreover,
when asked why they had not linked all of their financial accounts to the site, the most common answer
given was that there was little activity on the accounts or that they felt no need to track those accounts.
This fact reinforces the view that the unlinked accounts most likely do not account for an appreciable
amount of transactions or activity relative to the linked accounts.

While the demographics of the user-base of the site have become more similar to those of the nation
in recent years, a worry about representativeness still exists. To combat this worry, I benchmark the
aggregate data against several known measures of national consumer behavior and use CPS-derived
weights to synthetically approximate the distribution of households in the United States.

First, I compare observed spending among users to monthly data from the Census Retail Sales
numbers. Census Retail Sales data comes from a monthly survey of 3,000 large retailers and over 9,000
small retailers and data are broken down by type of retailer. I match my observed categorical spending
data to the relevant categories and construct average per-user categorical monthly retail spending,
weighting users by CPS weights for age, sex, income, and state of residence. Figure [5| shows results for
a range of categories like gasoline sales, electronics, restaurants, and clothing sales.

It is important to note divergences from the site’s data from some categories of Census Retail
spending. The motor vehicle spending panel of Figure [5| shows data for automobile and motor vehicle
sales, which do not track well between the two sources. This is primarily because my data observes
payments from a consumer’s side, while Census data measures spending from the retailer’s side. For
some categories like motor vehicles, these two aspects diverge as many individuals purchase cars with
loans or other financing and pay them off over time. Thus, I see more gradual changes in motor vehicle
spending as I often observe monthly payments rather than the lump sum purchases of vehicles that
dealerships and retailers record. This phenomenon is also present, though less pronounced, for other
durables categories in which consumer credit or financing is often used.

For non-motor vehicle categories of spending, the average correlation between my observed spending
data and the Census Retail data is 0.86, with this average correlation rising to 0.89 when also excluding
furniture sales which are also commonly bought on credit. A number of categories, such as Gasoline,
Clothing, and Restaurants, have monthly correlations with the Census Retail data well in excess of
0.90. Finally, the data from the site compares well to annualized data from the Consumer Expenditures
Survey, with a correlation of over 0.87 across all overlapping categories of spending and time periods
(2009-2013).

These validation exercises also serve to further alleviate some worries about the completeness of the
accounts. If there were systematic biases for individuals in terms of the accounts that they chose to
link to the site, overall trends in spending and income would be unlikely to so closely match national
trends. The fact that this holds true for so many categories of spending cements this view.

Individuals in the sample, when weighted by observables, also match national distributions of things
like housing wealth. Figure [7]shows in-sample logged average reported home price by year and zip code
compared with the overall logged average home price by year and zip code provided by Zillow.com.
The two have a correlation of greater than 0.88, showing a strong relationship between reported and

observed house prices. While the unweighted sample displays systematically higher house prices and
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housing wealth than the overall averages, when weighted by observables, the sample corresponds much
more closely to the national distribution. I also test observed distributions of liquid savings and credit
among households in my data against the 2010 Survey of Consumer Finance, finding close matches (see
also Figure [8 debt ratio figures are also comparable to SCF distributions). These results suggest that
not only do weighted spending trends match national distributions, but observed asset and debt levels
are consistent, as well.

As a result of these validation exercises, all regression results in this paper are weighted on (head-of)
household observables such as age, sex, income range, and state of residence according to CPS weights,
yielding results with a high level of external validity when extrapolating to the nation as a whOIeE
Weights are recalculated each year in the sample period (2008-2013).

The final sample is restricted in a number of ways to maximize statistical power as well as minimize
measurement error. Users must also have more than 3 linked financial accounts (e.g. savings, credit
card, or loan accounts) and have filled out demographic information about age, sex, marital status, and
location in order to ensure they are active users with complete account profiles. I exclude users with
more than 25% of their spending deemed as uncategorized or who have persistent transfers of funds to
unlinked accounts (eg. credit card payments to an active credit card that has not been linked). I also
require users to be able to be matched to an employer for at least 12 months and to have logged into
their accounts sometime in the last 6 months of 2012. The latter qualification helps to exclude inactive
users who’s financial information and account linkages are likely to be more out of date. Finally, I
exclude users with large internal discrepancies such as self-identified homeowners who do not enter any
information regarding their home values or users who list income that is 50% less than or 100% more

than their observed level of income. The final sample includes 156,604 households.

4 Theoretical Framework

As an illustration, I turn to the much-studied incomplete markets Bewley model for insight into a
framework with heterogeneous shocks and household savings as a consumption smoothing device. In
a simple version of this model, agents earn an exogenous stream of wages and have access to savings
bonds as their only form of insurance.

Finitely lived households maximize utility:

T JEm
3 AU (e) where Ufcy) = <
t=1

1—y

with a budget constraint by11 = (14 7)b; + y¢ — ¢; and a borrowing limit of b, > © V¢. Household wages
follow an AR1 process: yy = o + py—1 + € with e ~ N (0, 0)

This framework results in a standard Euler equation of the form:

u'(ciyt) = E[(B(1 4 re)u! (cipy1)]

15Results are qualitatively robust to performing regressions without using CPS household weights or using weights based
on the distribution of private sector employees rather than total household numbers.
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when borrowing constraints are slack. If constraints bind, future consumption will be necessarily more
responsive to a given change in income.

I solve this model quarterly with standard parameter assumptionsEI calibrate the income and
asset distribution to match the observed distribution in the data based on the first and second moments
of the data and map the wage process to a discretized 11-point Markov process. In addition, I utilize
a high level of persistence for the wage process, with p = 0.9, which is approximately equal to that
seen in the overall income process in the data. Results are qualitatively similar when varying p within
reasonable limits.

I compare results from this model (I run the model for 5 years for burn-in and then take the next
5 years of data to analyze) to equivalent data from my panel of users. For both datasets, I estimate
regressions examining how changes in income and net asset holdings affect household consumption
in Table |4} columns (7) and (8). At any point in time, the number of remaining periods, shocks to
household income, and the net asset position of the household affect consumption behavior. I estimate

regressions of the form:
Aln(cit) = alAln(yio) + BAIN(Yit) * wio + Ahi + mit

where h represents household fixed effects, proxying for periods left in a household’s lifetime and w is
equal to a household’s net assets. I employ household fixed effects rather than age as I cannot precisely
determine likely times of retirement or death and cannot otherwise account for the timing of other
lifecycle events that drive short to medium-run consumption trends. I include seasonal effects in both
the data and the model analysis though seasonal effects have little impact in the model as there are no
explicit holidays or yearly trends. Net asset data is calculated at the beginning of the sample period
and held constant over time.

While being a useful tool for economists, basic Bewley models and other models with single types
of savings mechanisms does not predict any effects of increasing both gross debt and gross assets, as
households never hold both assets and debt at the same time. For instance, if a household increases
its gross debt and gross assets by $1 each, net worth remains the same and thus behavior would be
predicted to be unchanged. I discuss empirical results that expand on this simple framework in the
following section. In addition, given the lack of long-term time-series data for my sample households, I
primarily turn to the exogeneity of the income shocks that I consider rather than relying on time-series
properties of the Euler equation and income process to recover causal relationshipsﬂ

In the following section, I attempt to enrich this framework by looking at various measures of indebt-
edness, by separating household balance sheet positions, and also by including additional information
on liquidity and credit constraints that may be a more direct driver of household consumption behavior.
In addition, I attempt to focus solely on shocks that drive more permanent changes in income (noted
by o):

Aln(cit) = hi + aAln(y(o)i) + BAIn(y(o)it) * Leverage; o + Season; + ni

16parameter choices include v = 2, annualized 8 = 0.95, the real interest rate is fixed at % —1.
17As in Johnson, et al (2011), who observe the impact of randomly timed tax rebates on household consumption free of
Euler equation assumptions.
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Aln(cit) = hi + aAln(y(o)i) + BAIN(y(c)i) * Debtio + B2 Aln(y(o)it) * Assetsio + te + nit
Aln(cit) = hi + aAln(y(o)it) + BAIn(y(o)i) * Leverage; o + yAln(y(o)i) * Credit; o + Seasons + nit

5 Results

5.1 Income Shocks and Debt

In Table 4] I investigate the impact of debt in amplifying the consumption response to household income
during the 2008-2013 period. I use a detailed quarterly panel to look closely at the dynamic relationship
between balance sheets, income, and consumption. I employ a panel fixed effects strategy as well as
an instrumental variables approach in order to isolate the causal impact of debt on the sensitivity of
household consumption to income. As noted above, in all specifications run at a household level, 1
weight users by various demographic and locational observable factors (age, sex, income bracket, state
of residence)ﬁ

Column (1) determines the baseline elasticity of consumption with respect to income in a panel
fixed-effects OLS framework. In column (2), I use the same approach to examine the effects of debt
to asset or debt to income (collectively labeled ‘leverage’ in specifications below) ratios on household
consumption behavior. For all specifications, I denominators of ‘leverage’, household assets or household
income, are derived from 2008 values such that changes in household income or assets over time do not

influence measured ‘leverage’:
ASpending; = B+ S1AIncomes; + BoAlncomes * Leverage;s + Bs Leveragey + B; H H; + BT ime; 4+ ugy

As noted in Kaplan and Violante (2010) and others, time until retirement or death often has
a profound and systematic effect on consumption patterns. In lifecycle models with either known
or uncertain ages of retirement and death, transaction costs of shifting assets between liquid (such
as savings, checking, and brokerage accounts) and illiquid holdings (such as real estate holdings and
retirement accounts) can produce sizable periods of trending consumption, even without any coincident
changes in income. Given the relatively short time-span of household behavior that I observe, I cannot
fully model household lifecycle decision-making, and my estimates would be influenced by the stage of
life that households were currently in. Thus, I attempt to control for these short-term lifecycle trends
through the use of household fixed effects. These allow me to observe deviations from consumption
trends at a household level that respond to income and balance sheet effects rather than lifecycle
pressures@

In this specification, spending is measured as total logged quarterly household spending and income
measured total logged quarterly household income. I interact the change in logged quarterly household
income with the ratio of total debt to total assets and examine how differences in leverage are associated

with differences in the responsiveness of household spending to income. I find that higher levels of

18 All regressions employing income or spending variables will be utilizing natural logs of income and spending. All
household panel specifications also include household fixed effects to control for systematic trends in household spending
patterns. Unless otherwise noted, standard errors are clustered at a household level.

9The empirical results are qualitatively similar when utilizing age dummies instead of household fixed effects, with
strong impacts of age on the trends in consumption over the 4-5 years that I observe households.
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leverage are significantly related to higher sensitivity of household spending to income. For instance,
an increase of one in the debt-to-asset ratio (about 1.25 of a standard deviation movement) sees an
increase in spending by an additional 20% relative to the baseline change in spending for a given change
in income. Note that all specifications include household fixed effects, so estimates of income and
spending changes are based on deviations from household-level trends. Households generally exhibit
strong trends over time as they age and obtain higher-paying jobs and raises within jobs. Estimates
including only time fixed effects or time fixed effects in combination with demographic characteristics
of households perform qualitatively similarly@

Column (3) performs the same procedure but substituting debt to income ratios for debt to asset
ratios. I find significant and positive effects of debt to income ratios on consumption elasticities@
These results point to a large degree of heterogeneity in consumption elasticities across households with
differing balance sheet positions.

Instrumental variable results are also shown in Table 4} in columns (4)-(6). In these columns, I
employ instruments in order to isolate exogenous levels of both debt and changes in income. I utilize
positive and negative firm shocks to instrument for changes in household income. In addition, I include
a widely used instrument for household debt in 2008, housing supply elasticity, that I discuss in detail
in the Data Appendix@ In addition, I interact this variable with each household’s homeowner status
in 2008 to provide additional variation in household debt accumulation paths. In each case, household

and time fixed effects are included:
ASpending;; = Py + ﬁlAInfc;meit + ,BgAIncome;?Levemgei + B;HH; + BiTime; + &

Where the variables AT ncome;; and Al ncome;;Leveragei represent fitted values from the following

regressions@

Alncomey = Bo + BrEFirmShockPosy + BoFirmShockNeg; + B3Saiz; x FirmShockPos; + BaSaiz; *
FirmShockNeg;; + B; HH; + B:Times + &+

Alncomey x Leverage; = By + f1FirmShockPos;; + BoFirmShockNeg; + £3Saiz; *
FirmShockPos;t + B4Saiz; * FirmShockNeg;: + 8; HH; 4+ B:Times + &t

Column (5) gives results for the 2nd stage of this regression, finding stronger effects of income

changes and income changes interacted with debt-to-asset ratios relative to column (2). I find that both

200ne potential concern may be that individuals switch jobs in response to shocks to their firms. I discuss the observable
incidence of job-switching in the appendix, finding little to suggest that this is a major concern. The changes in income
here are generally not very large, making it less likely that individuals would incur search and switching costs to alleviate
income declines.

21The correlation between the Debt-to-Asset ratio and Debt-to-income is 0.669. Correlation taken across 156,604 house-
holds in the sample.

22This measure was developed by Albert Saiz (2010) and is derived from geographic differences in the potential elasticity
of housing supply across MSAs.

23 Also included in the first stage regressions are triple-interactions with the homeowner status of households, included
to increase first stage power, as the Saiz instrument primarily affects homeowners through property price appreciation. All
standard errors corrected for 2SLS. Results all pass Sargan overidentification test.
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the coefficient on the change in logged income as well as the coefficient on the interaction term increase.
This increase in measured responsiveness may be partially due to the fact that the changes in income
driven by firm shocks are more unexpected than typical changes in quarterly income that households
may anticipate and plan for, thus such shocks produce a stronger short-term consumption response.
Again, spending among highly indebted households is significantly more responsive to changes in income
relative to low-debt households, both economically and statistically. A one standard deviation increase
in debt-to-assets would again raise the elasticity of household spending to household income by about
20% (by about 0.07 from a baseline of 0.37, given a median debt to asset ratio of approximately 0.4).
Column (6) utilizes the gross debt-to-income ratio as an alternate measure of household indebtedness.
I find that the elasticity of consumption with respect to income is approximately 21% higher for a one
standard deviation increase in debt-to-income.

These overall elasticities fall towards the low end of the literature’s estimates of elasticities of
consumption in the face of persistent income shocks. These numbers often fall between 0.6 and 1
(elasticities for transitory income shocks are generally found to be approximately 0.2). In contrast, I
find average numbers around 0.4 for what I find to be fairly permanent income shocks. One reason for
the discrepancy is that I measure changes in spending at a quarterly frequency, while many previous
studies use annual changes. Looking at year-on-year changes in spending and income, I obtain estimates
about 50% larger, yielding overall elasticities of just over 0.6. Another reason for lower estimates is that
the income shocks I measure, while persistent in at least the medium-term, may not be fully permanent,
leading to a smaller consumption adjustment by households.

Finally, columns (7) and (8) give results demonstrating the applicability of the standard Bewley
model to this data. I compare the direct impact of income changes on changes in consumption as well
as the change in income interacted with household net wealth. I find similar effects in my data as in
a simulated sample of households with income persistence calibrated to match my quarterly household
financial data. I find evidence that increases in net assets drive down the sensitivity of consumption to
income changes in a model with a persistent AR1 income process and a single savings bond mechanism.

Additional evidence for the mechanisms behind debt-induced household spending responses can be
seen from the response of varying types of spending. Appendix Table displays results examining
several components of household spending: overall spending, spending on durables, and debt-related
spending such as on credit card interest servicing or mortgage payments@ The specification follows
those in Table[d] with both panel OLS and panel IV results in columns (1) - (3) and (4) - (6), respectively.
Here, columns (1) and (4) report baseline results taken from Table {4l Consistent with the standard
findings in the literature, I find that spending on durables is more elastic than spending as a whole and
is also more sensitive to increased levels of debt.

Looking at debt-related spending, I find the opposite result. Debt-related spending is less elastic
overall, as might be expected from fairly fixed payment terms, and is also much less related to household
debt levels. That is, households with high levels of debt do not change debt-related spending relative to
low-debt households following an income shock. This suggests that highly-indebted households cut non-

24Debt spending is measured as mortgage payments, loan payments, and credit card payments net of new credit card
spending (eg. net credit card balance reductions).
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debt spending to a much higher degree that do low-debt households, either prioritizing debt payments

or a more limited ability to adjust debt payments on a high-frequency basis.

5.2 Robustness

I also employ alternate instruments for household leverage and other control variables in an effort
to better isolate the causal impacts of household debt and leverage. First, I consider two alternate
instrumentation strategies. The first dispenses homeowner interaction with the Saiz housing supply
elasticity measure in the first stage of the instrument, somewhat decreasing first stage power. Column
(1) of Table |5| gives the second stage results for this IV specification.

Column (2) similarly reports second stage results of a regression with a modified first stage. In this
column, I allow for ‘mechanically’ time-varying levels of debt-to-asset ratios by including MSA time
trends in the first stage of the IV regression. Here, I use the following first stage, wherein I regress
time-varying debt-to-asset ratios on the Saiz housing supply elasticity measure as well as this measure
interacted with MSA-specific quadratic time trends from 2008 to 2013

Leverage;; = By + B1Saiz; * MSATrend;; + BoSaiz; x MSATrendSq; + 8;HH; + BiTime; + &t

Column (3) reports results from a third IV specification. I utilize the Interstate Banking Restrictive-
ness Index which was developed by Johnson and Rice (2008), measuring the extent to which individual
states restricted the ability of out-of-state banks to open in-state branches. This metric was used in
Rice and Strahan (2010), among others, as an instrument for banking competition, finding that it drove
down loan rates. I find that this instrument predicts higher levels of debt buildup among households in
states with higher levels of banking competition. Using this instrument, in conjunction with the Saiz
(2010) measure of housing supply elasticity, I find qualitatively similar results to those which instrument
only for income and not assets or debt ratios.

In columns (4) and (5), I test two specifications that include other household level controls. Column
(4) gives results from a version of the IV regression in Table 4] column (5), that also includes quadratic
age terms as well as quadratic age terms interacted with changes in income. These terms help to
control for variation in consumption elasticity that is driven by the age of the household. For example,
younger households may have higher elasticities of consumption because a persistent change in household
income represents a larger change in lifetime household assets. Finally, column (5) includes controls
for household income as well as household income interacted with changes in income. In both of these
columns, I find that, while the additional controls can explain some variation in household consumption

elasticity, there remains a strong component of consumption variation related to household debt@

25 Also included in this first stage regression are all other applicable instruments including firm shocks and their interac-
tions and were omitted for brevity.

26Results are robust to excluding all households residing in California, which exhibited the largest concentration of
‘unconventional’ mortgage loans in the nation. Similarly, utilizing the ratio of debt to liquid assets as a measure of
indebtedness yields positive and highly significant results of a similar magnitude to the primary results.
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5.3 Liquidity, Borrowing Constraints, and Debt

An important question is whether highly-indebted households cut back on consumption more strongly
after income shocks because of liquidity or borrowing Constraintsm Household models with precaution-
ary motives to save generally feature increasing elasticities of consumption out of income as borrowing
constraints get closer to binding. Failing to take household liquidity and borrowing constraints into
account may erroneously attribute an increase in the sensitivity of household consumption to levels of
leverage (debt-to-asset ratios).

For instance, households with little in the way of liquid assets may be more sensitive to income shocks
and also have high levels of debt, in general. This may have come about through simply exhausting
liquid savings and turning to debt because of unobserved shocks in the past or because of household
attributes like age may jointly impact the amount of liquid assets accumulated and the amount of debt
held by the household (eg. a young household has little liquid savings and also has newly acquired
mortgage debt). In terms of credit access, a decline in asset prices, especially home prices, may have
reduced households’ ability to borrow against their home, thus forcing them to cut consumption. This
would be most true for highly-leveraged households that had the least scope to further rely on home
equity borrowing. Households with higher levels of debt may also have less access to additional consumer
credit, even absent any decline in asset prices, in an environment where banks and credit card companies
were increasingly wary about new lending. This lack of an ability to access consumer credit can decrease
the ability of households to smooth consumption when subjected to an unanticipated negative income
shocks.

In Table [6] I separately examine impacts of debt and assets, as well as effects of varying types
of assets, on consumption responses. In all columns, I use firm shocks to instrument for changes
in household income@ Column (1) displays results mirroring those from the baseline instrumental
variables specification seen in Table 4 Columns (2) - (5) break down the debt to asset ratio to the
household’s balance sheet components.

Column (2) separately includes positive and negative balance sheet positions measured as the gross
debt to income ratio and the gross asset to income ratio. I find that household spending is more sensitive
to increases in debt than increases in assets, but that both balance sheet positions are significantly
different than zero and are opposite signed. As the vast majority of households possess more assets
than debt (only approximately 15% of households levels of debt exceed their assets), increases in both
gross debt and gross assets push debt-to-asset ratios upwards towards 1. This points to one mechanism
behind the increasing elasticity of consumption among households with higher levels of debt-to-assets.
In addition, this result is consistent with the standard Bewley model, where increases in net assets
reduce the elasticity of consumption.

Column (3) looks at household asset holdings in more detail, splitting assets into liquid and non-

2"Possible alternate channels could include differential changes in beliefs about future income or labor market opportu-
nities or about future credit availability, mental accounting/rule of thumb budgeting, or leverage and debt being directly
in a households’ utility function. For instance, if a household thinks it is wise to hold debt equal to less than 2 years of
annual income, a decline in income may prompt a pay-down of debt even in the absence of binding borrowing constraints.

281 normalize debt and asset measures by household income in 2008 given that wealth’s smoothing effects are intimately
linked to current household income and spending.
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liquid assets. Non-liquid assets include vehicles and home values, while liquid assets include bank
balances, reported cash holdings, and equities. Here, I find similar, though opposite signed, coefficients
on both the interaction between changes in income and liquid assets as well as the interaction of income
changes with debt. I find a much smaller coefficient on the interaction term using non-liquid assets.
These results indicate that a $1 increase in both illiquid assets and debt would yield a small increased
sensitivity to household income changes. However, borrowing $1 and holding it as a liquid asset yields a
combined effect in the opposite direction, with household consumption sensitivity dropping significantly.

Given that the years leading up to the Great Recession featured large increases in debt used to
finance additional housing asset purchases, these results expose a primary driver of increasing aggregate
consumption elasticity with respect to income. Even without any decline in asset prices, the increasing
levels of household wealth being held in illiquid assets would be predicted to increase consumption
elasticity. Kaplan and Violante (2011) outline a framework that could rationalize differential responses
to gross debt and gross asset holdings in an incomplete markets model and which is consistent with
these results. They introduce two asset classes, bonds and housing, where housing provides higher
returns but is less liquid, requiring transaction costs to convert into consumption. They find that this
framework can lead to the existence of “wealthy hand-to-mouth” households which possess substantial
amounts of net assets but who still respond strongly to income shocks due to a lack of liquid assets
available to smooth consumption.

Columns (4) and (5) utilize changes in logged non-durable and durables expenditures as dependent
variables rather than all spending. I find generally weaker responsiveness of non-durables spending and
higher responsiveness of durables spending.

In Table [7, I examine the impact of debt on consumption responses after controlling for a range
of measures of credit access and liquidity. All additional variables are measured at a household level
in 2008 and held constant throughout the sample period. Each continuous variable is normalized such
that it is of standard deviation 1.

Column (2) includes individual credit scores, finding a negative relationship between higher credit
scores and consumption responses. This finding is driven by the fact that high credit score households
will tend to have access to larger amounts of additional and unobservable credit usable for consumption
smoothing. Columns (3) and (4) include interactions with ‘unused credit’ and liquid savings. ‘Unused
credit’ represents room to borrow on credit cards and from HELOC loans that is untapped@[;iquid
assets, as in Table[6] represents money held in savings and checking accounts, cash, and non-retirement
equity accounts. For both of these interactions I find negative effects, as liquid savings and readily
available credit enable households to smooth consumption.

Column (5) includes an interaction of changes in income with one attempt to measure changes
in credit supply. While I generally cannot observe the menu of options that a household faces when
desiring additional credit, I can observe some changes in existing household credit limits. Increases in

credit limits are generally demand driven, with households requesting additional credit, while decreases

29

29Unused credit is measured as the remaining room to borrow on existing credit cards in addition to open lines of credit
that the households have access to. Credit cards with no pre-set borrowing limit are measured as having a $200,000 credit
limit, equal to the 99.9th percentile of credit cards.
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in limits may be indicators of shifts in credit supply. I interact changes in income with an indicator that
the household had at least one of its credit limits cut in the previous year. This measure is noisy given
the relative rarity of credit limit declines faced by the sample population. However, I find some evidence
that having credit limits cut induces greater subsequent consumption responses to income shocks.

Finally, I also interact changes in income with the highest interest rate faced by households. As in
Kreiner, Lassen, and Leth-Petersen (2014), the marginal interest rate on a household debt account may
be indicative of the potential credit supply that the household faces. More constrained and less credit-
worthy borrowers would possess accounts with higher interest rates as they exhaust cheaper sources of
borrowing. Again, I find a marginally significant value here, with households possessing higher interest
rates on their debt being more sensitive to changes to their income.

Figure [9] gives a clear indication of the importance of liquidity constraints to this relationship. This
graph shows results from a nonparametric version of the regression in column (6) of Table |7, with
the debt to asset ratio being split into 10 variables by debt decile. The baseline regression excludes
all credit and liquidity covariates, finding a strongly positive relationship between the debt to asset
ratio and the responsiveness of consumption to a given change in income. The second line includes all
previously mentioned credit and liquidity covariates. Here I find a near-zero relationship, implying that
households possessing similar access to liquid assets and credit behave similarly when subjected to a
change in income, even if these households possess different levels of debt or leverage.

While the measures of credit and liquid savings used here are imperfect, as they cannot fully control
for all aspects of the potential access to credit, I argue that they provide a good measure of immediate
access to credit and liquid savings. For instance, households with high credit scores maintained greater
access to credit markets even during the Great Recession and households with ample liquid savings could
self-finance spending. In addition, I find that high credit scores are correlated with the presence of more
liquid wealth and observable borrowing capabilities, suggesting that to the extent that measurement
error is present, it is largely understating the degree to which high credit households are unconstrained
in their borrowing abilities. Moreover, the time period I study was largely one of reduced credit access
for households, meaning that there was less of an ability to obtain new lines of credit, credit cards, or
HELOC:S, even if a household desired to do so.

Another test of the impact of liquidity constraints is to examine differential impacts of debt across
different types of income shocks. Table [§] displays results when solely looking at positive or negative
shocks to household income. Columns (2)-(3) and columns (4)-(5) look at different consumption re-
sponses across heterogeneous households, in terms of either debt to income ratios or debt-to-asset ratios,
to solely negative or solely positive shocks. I find much smaller consumption responses to positive income
shocks than to negative shocks. However, I find that even following positive shocks to household income,
more highly-indebted households exhibit higher elasticities of consumption with respect to income than
do low debt households (albeit with marginal significance). This finding is inconsistent with a purely
liquidity or borrowing constraints story, as households always have the ability to smooth consumption
through saving in the presence of unexpected positive innovations to their income process.

Finally, I also note that results differ across types of debt when examining spending elasticities’

relationship to household debt. Most notably, I find that there is a stronger relationship between
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spending elasticity and revolving credit card debt than with mortgage debt (both gross and net mortgage
debt). Again, this divergence appears to be largely driven by liquidity and credit. That is, households
who possess large amounts of mortgage debt often still have access to substantial liquid savings that
allow them to smooth consumption. That presence of significant credit card debt generally indicates
that most liquid savings have been exhausted (else households would usually find it advantageous to pay
off the high-interest credit card debt) and cannot easily smooth unexpected changes in consumption.
Overall, these results indicate that the primary reasons consumption responses are higher among
highly indebted households are borrowing and liquidity constraints. That is, household debt and leverage
generally did not drive consumption behavior in and of themselves, but households that were highly
leveraged were also very constrained in terms of their liquid savings and available credit. However, the
presence of statistically significant effects of higher levels of debt in some specifications, among even the
most liquid households and following positive changes in income, suggests that some of this relationship
may be due to alternate channels. Such channels could include differential changes in expectations
about future income or behavioral explanations in which households directly target levels of debt as a

function of household income.

6 Aggregate Effect Estimates

One important statistic that can be derived from the results of this paper is an estimate of the aggregate
effect of household debt during the Great Recession. Given that increased household debt drives a
steeper decline in consumption in response to decreases in household income, it is useful to note to what
extent the higher levels of debt among households immediately prior to the Great Recession drove a
larger drop in consumption than would otherwise have been seen.

From column (3) from Table [6] combined with measures of the distribution of household balance
sheet positions, I derive a gauge of the impact of heightened debt and illiquid assets, primarily in the
form of home equity and mortgage debt, on consumption. Figure[6|displays the distribution of household
debt-to-income ratios in 1983 and 2007, as measured by the Survey of Consumer Finance.

Assuming that the entirety of the observed effects of debt-to-income ratios is causal, I utilize data
on a representative sample of households from the SCF to construct household debt, illiquid assets,
and liquid asset distributions for both the 1983 and 2007 populations. I then subject each population
distribution to the observed average decline in household income seen during the Great Recession, which
is approximately 8% |

With these parameters, I estimate a 3.29% decline in consumption under the assumption that the
population has the joint debt and asset distribution seen in 1983, and a 4.16% decline in consumption
with the actual debt distribution seen in 2007F’I] Thus the estimates from this analysis suggest a poten-
tially sizable impact of household debt in triggering larger declines in consumption, with the aggregate
effect on the order of a 25% larger fall in consumption. This consumption decline only incorporates

the decline in household income during the Great Recession; the decrease in consumption would be

3%Household income decline from data from the US Dept of Commerce, Census Bureau, using the top to the bottom of
the market: 2007 to 2011.
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substantially larger when incorporating the concurrent asset price declines during this period.

Similarly, I can utilize the point estimates obtained from an estimation considering only negative
household income shocks (similar to the exercise undertaken in Column (3) of Table 8| but including
both liquid and illiquid asset ratios), given that the income shock suffered by American households
during the Great Recession was a negative one. Using these estimates, I find that the 1983 households
would see an average decline in consumption of about 4.55% while 2007 households see a decline of
6.10%, a 34% larger decrease.

7 Conclusion

The Great Recession of 2007-2009 featured a large increase in household debt in the years leading up to
its onset and a large decline in household spending during the recession. These two features have led to
a growing number of economists and policymakers linking these two features, describing a recession in
which highly-indebted households were hit by financial shocks, such as asset price or income declines,
and subsequently cut back on consumption while attempting to repair damaged balance sheets.

I evaluate this claim, examining the role that debt played in driving the decline in consumption seen
during the Great Recession and providing new empirical evidence regarding the relationship between
household balance sheets, income, and spending. In doing so, this paper provides a fuller characteriza-
tion of the interaction between household balance sheets and other household financial decision-making
which is crucial to understanding the microeconomic underpinnings of business cycles.

To this end, I employ a dataset with comprehensive financial information on over 150,000 American
households from 2008 to 2013. This data covers household debt and assets as well as information
regarding income and consumption. In addition, I link households to their employers. I utilize variation
in both asset and debt holdings as well as innovations in the household income process in order to
test whether balance sheet positions drove heterogeneous consumption responses to a given change in
income. To address endogeneity concerns, I use shocks originating from employers as well as drivers
of balance sheet positions such as geographically determined housing supply elasticities and inter-state
banking regulations as instruments for household income and balance sheet positions.

This paper presents three primary results. Using a new source of matched employer-employee data
that comprehensively tracks the entirety of household spending, assets, income, and debt, I find that
households are significantly impacted by shocks to their employers such as large and surprising earnings
reports, layoff announcements, and large write-offs by the firm. I find that these shocks are unanticipated
by households and exhibit a high degree of persistence.

Consistent with standard incomplete-markets models, I find that larger net asset holdings mute
consumption elasticities. In a departure from these models, I also find that the elasticity of consump-
tion with respect to income among highly-indebted households is significantly higher than in low debt
households even after controlling for net assets. In conjunction with the distribution of debt immedi-

ately preceding the recent recession as well as the distribution in earlier years, I estimate that higher

31Similar estimates utilizing the leverage distribution in 2001 yield an aggregate fall in consumption of approximately
3.75%.
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levels of debt significantly worsened the decline in household consumption across the country.

Finally, I show that credit constraints play a dominant role in driving differential household con-
sumption responses across households with varying levels of debt. When controlling for various measures
of access to liquid assets and consumer credit, the coefficients on the interaction between changes in in-
come and household leverage generally decline into marginal significance or insignificance. In addition, I
find much lower effects of debt and leverage following positive shocks to income, consistent with a credit
constraints explanation. Consistent with prior work, I find a similar pattern holds when examining
asset price changes.

However, in some specifications, household debt remains a significant predictor of household con-
sumption behavior, even after conditioning on assets and credit. This result implies that the causal
relationship between household leverage and consumption responses may not be entirely an artifact of
increased borrowing and liquidity constraints. One potential alternate channel is that households have
an aversion to holding more debt than a household-specific target, thus causing more highly-indebted
households to adjust consumption to a greater degree following income declines in order to maintain a
target ratio of debt to income or assets.

In total, this paper’s findings suggest that changes in household balance sheets, in particular in-
creases in levels of household debt, have been important drivers of household behavior during the Great
Recession and subsequent recession. Much of this effect was driven by tightened borrowing constraints
and increases in the level of non-liquid assets relative to liquid assets. The buildup in household debt
in the years leading up to the onset of the recession increased sensitivity of household spending to both
income and asset shocks, causing heterogeneous responses to income and asset price declines. Moreover,
this paper points to the importance of models which incorporate heterogeneous households and more

detailed accounts of household balance sheet positions.
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Figure 3: Change in Log(Income) Before and After Firm Shocks
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Notes: Data derived from logged average quarterly income across all households experiencing firm shocks. Data extends
6 quarters prior to each shock and 6 quarters following each shock. A time trend is removed from the data based on the
pre-shock trend (across 6 quarters prior to shock) and residuals are plotted.
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Figure 5: Comparison Between User-Derived Spending and Census Retail Data, by
Category
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Notes: From top-left, by row: (1) Per-Household monthly spending on gasoline from online financial data and Census
Retail per-household spending on gasoline. (2) Per-Household monthly spending on restaurants and food away from
home from online financial data and Census Retail per-household spending on restaurants. (3) Per-Household monthly
spending on furniture from online financial data and Census Retail per-household spending on furniture. (4) Per-Household
monthly spending on electronics from online financial data and Census Retail per-household spending on electronics. (5)
Per-Household monthly spending on groceries from online financial data and Census Retail per-household spending on
groceries. (6) Per-Household monthly spending on clothing from online financial data and Census Retail per-household
spending on clothing. (7) Per-Household monthly spending on building supplies and hardware from online financial data
and Census Retail per-household spending on building and home supplies. (8) Overall per-household monthly spending on
motor vehicles from online financial data and overall Census Retail per-household spending on motor vehicles. (9) Overall
per-household monthly spending on arts, books, and hobby supplies from online financial data and overall Census Retail
per-household spending on hobby supplies. Each graph’s y-axis represents household spending per month scaled to average
100 over the sample period.
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Figure 6: Ratio of Total Debt to Total Household Income
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Notes: Data from the 1983 and 2007 Surveys of Consumer Finances. Each observation represents a household with a given
total debt to gross income ratio. Total Household Debt and Debt-to-income ratios are censored at 10 for display purposes.

Figure 7: Average Observed Household and Zillow.com Home Prices
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Notes: ‘Zillow’ data from Zillow.com, tracking average zip-code level home prices by month. Zillow data aggregated to
yearly level by zip-code, then logged. User data taken by averaging real estate values by year within each self-identified
homeowner and then averaging across all homeowners by zip-code, then taking logs. Line of best fit shown. Correlation is
0.881.
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Figure 8: Bank Savings and Credit Distributions, Observed and Survey of Consumer
Finance (2010)
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Notes: Graphs represent distributions of bank savings and available consumer credit among all households in personal
financial website sample and among all households in the 2010 SCF. In both cases, bank savings include all bank holdings
such as balances of savings accounts, checking accounts, money market accounts, etc. as well as the available remaining
balance on credit cards. Ratios of these assets to annual household income are taken. Both distributions censored at 2 for

display purposes.
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Figure 9: Consumption Elasticity with Respect to Income Across Debt/Asset Deciles
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Notes: Debt/Asset calculated as total household debt divided by total household assets. Households divided into deciles
by 2008 value of debt/assets. Baseline coefficients represent coefficients on panel fixed effects regression of the change in
log consumption on the change in log income, the change in log income interacted with decile of debt/assets, along with
household and time fixed effects. Conditioning on Liquid Assets and Credit Scores coefficients runs the same regression
including interactions of changes in income with liquid assets and the credit score and then assigning all households the
average credit score and level of liquid assets for scaling.
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Table 1: Summary Statistics (CPS Weighted)

Median  Mean Std Dev  Number
Income (Monthly) $4.810 $6,758 $6,287 -
Spending (Monthly) $4,790 $6,725 $6,156 -
Equity Wealth $902 $42,790  $110,158 -
Property Value (Homeowners) $232,500 $316,801 $275,256 -
Property Value (Renters) $11,000  $54,897  $152,626 -
Total Net Wealth $20,990  $127,414 $280,266 -
Total Debt to Assets 0.34 0.68 1.14 -
Housing Debt to Assets 0.46 0.48 0.438 -
Gross Debt to Income 0.24 0.83 1.31 -
Num Households - - - 156,604
Num Matched Firms - - - 361
Num Large Earnings Rep. - - - 82
Num Layoffs - - - 79
Num Completed Acq/Disp - - - 39
Num Material Impairments - - - 37

Notes: Data for the 156,604 users who form the sample group. Each user meets a variety
of characteristics such as having been an active site user for more than 12 months,
being able to be matched to an employer, having more than a single account linked, etc.
Households are weighted on four characteristics (age, sex, income, and state of residence)
in order to match the observed CPS distribution of heads of households in the United
States. Positive and Negative Earnings Surprises are indicators whether an earnings
report differed from the mean expectation of earnings (from IBES data) by more than
2% of the stock’s value. Layoffs, Completed Acq/Disp, and Material Impairments are
indicators derived from SEC 8K data. ‘Positive’ shocks are Positive Earnings Surprises
and Completed Acq/Disp while the remaining firm shocks are classified as ‘Negative’
shocks. Time period covered is January 2008 - December 2013.

37



"TOAS] PIOYLSNOT B 1R PAISISN[D SIOLIS pIRpUR)S [[Y €107 I0qUIaoa([-8007 Arenuel ueds SUOISSOISoY
‘[9A9] YHUOW-ULIY ® Je UNI oIk (9) pue (g) suwmnjoy) ‘pensst j10dol sSuluIes Uue sem 91979 YIIYM Ul SYIUOW AUo uo uni (§) pue (g) sumwnjo)) 'SUOI}RIYIJOU 9INSO[D
pue goAe[ ML HHS WOIJ UaxR) oIk SIUSWLOUNOUUR JoAeT ‘siiodel §H] WOIj uaxe) ejep 310dol SSUMUIR ‘POIINIDO JUSAD O} SISYM [[JUOU 9} IOJ SIOJRIIPUT
Areuiq are sestrdins sSurures pue oA 'SUINGAI A[IUOU SATYRINTUND dIe SuIM)al wil "Surpueds peS3o1 pue ‘(*010 ‘seouereq yuerq ‘Ayredord) iream Te)0) Pagso]
‘owroout eq0) pad30] ojousp Surpuads pue ‘[feem ‘owoou] ‘aep UeAIS © 0} (juenbosqns) Iorrd syjuOUr 9911} O} 0} I9Jol so[qelre (pIremio]) pad3el [V :S010N

1°0>d 4 ‘60°0>d 4x ‘TO0>d yuex

ON ON SHA SHA SHA SHA Hd Proyesnoy
SHA SHA SHA SHA SHA SHA A Wil pue poLLd
€6€°0 160 ¥¢c'0 ¢lLe0 G80°0 6¢7°0 zd
(JUOTN-ULIL ] JUOIN -ULTL UWON-HH ~ UWON-HH  YWON-HH  YIUON-HH SISA[RUY JO [0A9]
€e0°L 09¢°L GL6°LGT'T GL6°LGT'T 708°98L°L 708°98.°L SUOTYRAIOS ()
(68£00°0) (5010°0)
*GV10°0- 8T10°0- spgofer
(€710°0) (6510°0)
*xx0CV0°0" G9T10°0- osuding ssururey 9AI)R3IN
(0$20°0) (2410°0)
#xL790°0 10%0°0- ostrding sgurtrer] A0
(6290°0) (2090°0) (1650°0) (1090°0)
6£¢0°0 98¢0°0- €660°0 L¥v0°0- Surpuadg padder]
(160°0) (0¥10°0) (1€10°0) (L0£0°0)
1750°0 19T0°0 6910°0 «1650°0- ITROA PId3er]
(¢01°0) (2120°0) (921°0) (022°0)
£90°0- ¢z0°0 ¢v0°0- 780°0- owoou] pagder]
SUWINIOY WL PIemlIoq SWINgoy ULl posser] ssuruiey SoN SSUllIRi SO sgofer] SWINOY WL
(9) () (¥) (€) (c) (D)

s)ooys il jo uoryeddijuy JI0j s3S97, g OlqRL

38



"[oA9] proyesnoy
® )R POIoISN[D SIOLID PIepue)s [V 'E€T0¢ IqUIeda([-800¢ Arenuer ueds SUOISSOISOY “SYOOUS SAI3ESOU St 99l oY) pue SYOOYS 9AIjIsod se PoyIsserd
dsiq/boy pojerdwoy) pue sestrding sSuruIe;] 9AINSOJ [HM ‘SIOjedIpuUl AIeulq AljeSaN, Pue OAIJSOJ, OJUI SYIOUS ULIY SNOLIRA d1[}) SOSUSpPU0d (9)
UWN[0)) 'dWO0dUI SNUOG-UOU pue JIoydAed-uou [[& ST oWodUl WILJUON ‘oseqejep 1odedsmou SmoNP[IOA\SSe00Yy Surdelds wodj PoALIOp SOAR] JO Ioqunu
1]} aIe SPoART "ejep 38 DHS WOIJ PIALIOP SI0)edIPUl oIk sjuewuiredw] [RLIDJRIN PUR 19SSy Jo SI(I/boy -eotid 003s a1y Jo %g uey) aiowr Aq (eyep
S ] woly) sSurures Jo uoryedadxo ueoll o) WOIJ PaISHIP J10del sSUILIes Ue I9YJoYM SI0YRIIPUI oIk sostIding sSurtIe;] oA1jeSoN pPuR 9AINSOd :S9ION

10>d 4 ‘00>d i ‘TO0>d yux

SHA SHA SHA SHA SHA ON H4d Proyessnoy
SHA SHA SHA SHA SHA SHA HAd poled
€ve 0 ¢0¢°0 61€°0 6¥¢0 £8¢°0 €9¢°0 zd
15L'710°E TSL'710°e 15L710°€ 12L710°€ ToL'710°e TSL'710°E SUOIYRAIISA ()
(0%200°0)
xxx08€10°0" NOOYS 9AI}ESON
(56100°0)
w4V LTT0°0 SP0YS QATHISO]
(18£0°0) (¥200°0) (2800°0) (88£00°0) (94500°0)
***@ﬁm.ou ***ﬁwoc.ou 7€00°0- ***wmﬁo.ol ***ﬁmﬂo.ou ngaﬁdmﬂﬂ [BLIDYCIN
(€T80°0) (81200°0) (15£00°0) (¥£200°0) (¥0,00°0)
*x16G0 +%x5900°0 91000 +x6200°0 +xxGV10°0 uorysodsy(/uosmboy
(8€00°0) (1£000°0) (8200°0) (1%000°0) (8£000°0)
*%*HHM0.0- ***ﬂﬂﬁoo.ou ¢1000°0- ***ﬁomoo.ou ***wﬁﬁoo.ou AwﬁO%dQ M@QSSZVMOA
(¥£20°0) (8£00°0) (0210°0) (1%00°0) (9900°0)
+*x806°0- +xx8TT10°0- L£00°0- xxxV610°0- +xx96T0°0-  ostrding sgurure;] oA1yeSoN
(1190°0) (9100°0) (L110°0) (¥200°0) (1%00°0)
55 VEG 0 #xxGLS00°0 1.100°0 2566000 44511070 ostiding sSUILIRG OAIISO]
(ewoouy)3or]  snuog pafedgy  (peypAed)soTy  (waguoN)Soy  (oup)SoTy  (oug)3oTy
(9) (¢) (%) (€) (c) (D)

sasnuog pue awodu] d2Ao[dwif] SALI(] SHO0YS

WL :¢ 9[qrl,

39



‘sIe[[op Jo

SUOI[[IW Ul (SURO[ JUapN)s ‘UrO[ Ied ‘pIeD JIPaId ‘o8e3jIomwt '80) )qop PloYesnNOY [B10) snull (junodsoe yueq ‘ysed ‘Aymbe ‘Ayredoid -8o) s3urpior] josse ployasnoy
[e107} Jueseldar sjossy JoN ‘so[iueoIad JST pue [iGE 18 POIOSUad RIRD O} POTDIRUI PLIS 19SSy "RIRP 0} POUDJRU SOURLIRA PUR UROW $$000Id oWOOU] "GE'() JO 3Rl
JUNODSIP PoZI[eNUUR UR ‘g JO UOISIOAR SLI JO JUIIDIJO0D © 9PN[OUI SIojoweIe "ejep Paje[NuIS JO SI91Ienb gz I9A0 SPOYesnoy ()00‘0GT UO UTLI UOIJR[NUIIS [OAS]
PIOT[eSTIOY ® J® PaIa)sn[d SIOLID pIepUR)S [[Y €107 IoquIeda(-800g Arenue ueds suorsso1doy ‘spydom Aouenbolj p[oyesnoy poALIOP-GJ)) AQ PoIYSIom SUOISSOIZI
IV ‘Ierrenb-ployesnoy Aq (Surpuedg)3orTy sI o[qeLies juopuadep o], ‘OIRI SUWIOOUI [eNUUR 0} 1gop SSOI3 S P[OYSSNOY oY) SIINSBIUW SWODU] 0} 1qo(] ’Sosse
[290) I9AO }(OP €10} SOINSBOUI S)9sSYy 0} Jgqa(] ‘suoljedyads AT Ul gO0g Ul SNIe)S IsUMOLWoy [Yim pajoersjur Ajnses Aiddns Suisnoy pue Kjoigsefe Ajddns
Suisnoy jo emseaw ()T(g) ZIeS 9Y) [IM POJUSTNIISUT ST UML) 0FvIoAS] oY) (9)-(G) SUWN[0D U] "SoINSLall 9FRIAS] SNOLIRA PUR SYDOTS ULIY JO SUOIJORIDIUL SB [[oM
se Jojrenb 1oud oy} ul (sjueuwreounouny Jode] pue ‘sjueuriredw] [elreje]y ‘suoryisodsi/suoryismboy pejeduio)) ‘sestiding s3uruier] oAlle3oN pPUR SAINSO])
1ekoidwie s, proyesnoy & 0} SYDOYS dA1IR3ON pUR 9ATISOJ UM ((ewroou])Sor Wy )M suorjorIsul pue) (euwoou])3or] Yy 10] juswnijsul (9)-() suwmio)) :s9j0N

1°0>d 4 ‘60°0>d i ‘TO0>A e

QOSﬁMSEMm @aﬁm @@dm @ﬁwm @p@g mpdg ﬁp@g ﬁp@g @U.HSOW
- - '8¢ VLT - - - - (a07) s3s91-A
- - 9'¢l 1°9¢ 6'S¥ - - - (oug) s3s01,-4
@QOZ @QOZ >®Q“UQH >®QFUQH UQH @QOZ wQOZ @QOZ m@?ﬁmﬁﬁm\/ @@uﬂ@ESHPmQH
SHA SHA SHA SHA SHA SHA SHA SHA HA Ployesnoy
SHA SHA SHA SHA SHA SHA SHA SHA i potg
000°009°€ 12L710°E 12L710°E 12L710°E 1L 710°E 1L 710°E 1L 710°E 1L 710°E SUOIYeAIIS ()
(200°0) (900°0)
***wwﬁ.ou ***moﬁ.ou S}ossy QQZ*AUQvaOQQ
(¥20°0) (¥00°0)
+%0L0"0 +%x000°0 owoou] /349 (L, (9u]) 80Ty
(L20°0) (£00°0)
wxxL20°0 +%x890°0 83088V /199 (ou]) 80Ty
(€00°0) (€10°0) (€20°0) (290°0) (€€0°0) (200°0) (€00°0) (¥00°0)
oV L7 0 +xx86€°0 +xx9£€°0 +%xG9€°0 skl LE0 w7980 #8530 #%x86G°0 (oup)SoTy
(pdg)soTy  (pdg)soTy  (pdg)soTy  (pdg)soTy  (pdg)Sory  (pds)sory  (pds)sory  (pds)soTy
ST0 ST0 Al Al Al ST0 ST0 ST0

(8)

(L) (9) (9) (7) (€) (2) (1)

syooyg awoduy Suimojjo] (Surpuadg)3orTy uo 3qa jo joedwi] ¥ 9[qe],

40



‘[PAS] WLIY ® J® POIISN[D SIOLID PIepueIs [[V €103
ToqUIENd(I-80(¢ Arenue ueds sUOISsaI8oy "s)YIom Aouenbaly p[oyesnoy poALep-§JD) Aq PejySIom SUOISSOIFal [y "IorIenb-proyesnoy
£q (Burpuadg)Soy st a[qerrea juapuadep a1 ], 'SUIq ()00‘GE$ Ul SUIOOUT P[OYaSNOY Jo [oad] pajrodel-Jias o) sjussaidal ulg auroduy
‘S1OSSe [R10) IOAO }goP [RJ0O} SOINSBOUWL 19SSy 01 9] 'PUSI) oW} YSIN UR [[IIM PJORISUI INSBOW S} PUR SINSLIUW A}IOT)SR[O
A1ddns Sursnoy zreg oY) YM UWLISY SIY) I0J SHUSWNIISUI PUR ULID) 98RIIAS] SUlAIes-owil) ® saanjesj (g) uwnjo) -Ayousero Addns
Sursnoy jo amseawt ()T0g) ZIeS Y7 YHIM POJUSTUNIISUL ST PUR ‘Onfes (g ) UIOIJ Uy e} ‘OUII) SSOIOR JURISUO0D SI UL} 9FRIOAJ] oY)
‘(1) uwn(oo Ul ‘soINseall 9FRISAD] SNOLIRA PUR SYOOUS UL JO SUOI}ORISIUI s [[oM st Iojrenb loruid o) ul (sjueweounouuy Jjoker]
pue ‘sjuouraredw] [elIo)RIN ‘suorysodsi/suoryismboy pajeiduroy) ‘sesuding s3urures] 9AIjeSaN pue 9A1IS0d) IoAojdwe s ployesnoy
' 09 SY00Ys aAIjeSoN Pue 9A1ISOd UM ((awoou])Sory [im suorjoerajul pue) (awoou])Sor Ty I0] JUSWINIISUT SUWN[0D [[Y :S9)ON

1°0>d 4 ‘60°0>d i ‘TO0> e

e LT 68T 611 'TE zCr (A9]) 18911
G'8¢ QL€ Q1€ e 6°¢¢ (our) $3891 -4
AT OU] A9TOU] AT OU] A9TOU] A9TOUT SO[(RLIRA POJUSTIILI)SU]
SHA SHA SHA SHA SHA HA Ployesnoy
SHA SHA SHA SHA SHA HA Pot_g
1L 710°E 1L 710°E 1L V10°E 1L 710°E 1L 710°E SUOIYBATIS ()
(110°0)
#xx 67070~ urgomoouy,, (ouy )30y
(000°0)
x%xG 100070~ 98V 4 (oug)8oTy
(100°0)
xxx [800°0 98V 4 (oug)3oTy
(¥20°0) (920°0) (9v0°0) (6z20°0) (1£0°0)
+5xx690°0 +x8G0°0 «160°0 +x690°0 w7200 83988V /190 (14 (oUr) 80TV
(z£0°0) (€%0°0) (6£0°0) (g£0°0) (L£0°0)
oxx 18€°0 *xxSTVE0 xS 1770 oxx 12670 +xx68€°0 (oup)8oTy
(pdg)so1y  (pdg)SoTv (pdg)so1v (pdg)so1v (pdg)so1v
Al Al Sunjueq 91e1S - AT PUSLL VSIN - Al 99RI9U] ON - AT
(Q) (1) (€) (c) (1)

ssou)snqoy - syooyg awoouj Suimofjoq (Surpuadg)3or Ty uo 1qa(q Jo 3oedw] :¢ d[qe],

41



‘[9AS] WLIY & JB PaI9)SN[D SIOLI® PIRPUR)S
IV "€10% Ioquedd(-800¢ Arenue ueds suOIssoIdoy "sjystom Aouenboly poyesnoy] poAldp-§q)) £q pojy3dom suors
-s01301 [y "sSurpjoy Ajredoid 1oy10 pur ‘Ujrrem SUISNOY ‘SIUNOIOR JUSWLIISI pur suolsuod spnoul sjesse pmbryy
'sjunodoe A3mbo juowaIIleI-uou pur ‘SSUIP[OY [SBD ‘SIUNO0IOR SULMDDYD ‘SHUNodde SSUIARS dINSBOUWL S)osse pImbiy
“Aoaryoadsar ‘(Surpueds sejqein()3o] 7 pue (Surpuads so[qeinp-uoN)30[ v JO o[qeLrea juspusdep ® osn ¢ pue j
summn(oy) Ieyrenb-proyesnoy Aq (Surpuedg)Sor Y7 ST ¢-T SUWN[OD UT 9[qelIeA Juopuadap o], "SOINSLIUI JIPaId PUR
98eI9A8] pPU® SYOOUS WL JO SUOI}ORISIUL Se [[dM se Iojrenb iotuid oy ul tedojdwe s,ployssnoy & 0} S}O0YSs 9AIIRSIN
pue aa1s0d Ym ((ewoou])30r] Y UM SUOIORIUL puR) (9WOOU])S0 Y I0] 10J JUOWNIISUI SUWN[OD [ :S9IO0N

10>d 4 ‘0°0>d i ‘TO0>d yux

our our ouf our ouf SO[(RLIRA POIUOWIILIISU]
SHA SHA SHA SHA SHA HA Ployesnoy
SHA SHA SHA SHA SHA i potod
1L 710°E 12L710°E 12L P10 TTL'TI0°E  TELPI0°E SUOT}RAINS( ()
(¢10°0) (t10°0) (010°0)
wxxL€0°0" +x720°0" +5%8C0°0" (ouy/syessy bry-uoN),(our)so1y
(810°0) (910°0) (¥10°0)
wx 1010 456900 wxxF20°0- (ouy/syessy bry), (our)soy
(¥10°0)
w6700~ (ouy/syessy [®30],) 4 (our)30TY
(120°0) (g10°0) (910°0) (£20°0) (¥20°0)
+%x£90°0 #6700 #1600 wxx12000 5xx920°0 (our/190Q) 4 (our)SoTy
(120°0) (220°0) (£20°0) (920°0) (1€0°0)
***ﬂﬂﬂ.o ***@ﬂm.o *%*wwm.o ***Mﬁm.o **%@HM.O AOQvaOQQ
so[qeIn(]  So[qRIN([-UON v v 18% -o[dureg
Al Al Al Al Al
(9) (7) (€) () (1)

syooyg awodou] Suimofjo (Surpuadg)3oTy U0 3qa(q pue ‘sjessy pmbI[] ‘sjessy pIbrT Jo s100PgH :9 o[qr],

42



‘[9AS] WLIY B € PAIOISN[O SIOLId PIEPUL)S [V €10 I0quaod([-8007 Arenuer ueds suolssoISoy]
"sqyStom Aouonbalj poyesnoy PoALIIP-§J)) Aq pajySom SUOISseISol [y “HPOID JO Ull 10 ‘Ueo] ‘pIed JIpaId SUIISIXo Ue UO Sey
PIOYSSTIOY B 1R[] 99l }S9I8jUl 1SS oY) 0} SISO 9FRl }SOIOIUI [RUISIR], SPIed IPaId II9YY} JO SUO UO JIUWII] }IPSID € UI SUI[DP
® U9OS SBY P[OYISNOY Y} IOYIOYM SOINSLIW Jey[) J0}edTPUl Ue ST ,dUI[Id(] HWIT }IPaI), ‘SOOTHH PUe SpIed }1paid Surjsixo uo
MOIIOQ O} WOOI 0} SISJAI JIPSID PAsNU) 'S9I09S Y[ Po}I0doI-J[os oIe S9I09S JIPAI)) ‘T JO UOIJRIADD PIRPUL)S 0} POZI[eULIOU
oIe Soyey 1SOI9U] [RUISIE]N PUR ‘S19sSy pInbry ‘4Ipa1) posnu() ‘selods }IPsl) “PlOYSSNOY [Oed IOJ SWI} ISAO JUR)SUOD
P[oY Pue g00Z Ul PAINSBIUI dI¢ SULId) UOTIRISUI [y - Ioyrenb-proyssnoy Aq (Surpusdg)Sor v st sqerrea juepuadap oy,
"SOINSLSU JIPOID PUE 9SLIIAS] PUR SHOOYUS WLIY JO SUOIIORIOUI s [[om sk Iojrenb rorxd o1 ul 1ofojdurd s,p[oyasnoy e 0} SYI0Ys
aA11e3oN pue 9A1ISOJ m ((euroou])80r W UM SUOIJORIIUI puR) (8U0DUT)S0] Y/ 10] I0J JUSWINIISUT SUWN]0D [y :S9ION

10> 4 ‘60°0>d 4x ‘TO0>A yux

UGH UQH UQH UQH OQH UQH wwﬁn—dﬁm\/ @@pﬂ@ESHQmGH
SHA SHA SHA SHA SHA SHA 1 PIOYPSNoH
SHA SHA SHA SHA SHA SHA i potg
ICLPI0°C  TELVI0'C  TCLPTI0°C  TTLFI0'C  TEL¥I0'E  TTL¥I0C SUOIYeAIIS ()
(10°0)
x060°0 (e9ey 9uy TeuISIRIN ), (oUT)S0TY
(1£0°0) (£€0°0)
48600 %2500 (purpe( YW Y1PaL)) 4 (PUL) 30TV
(610°0) (910°0) (€10°0)
#%x%x290°07  %%xx990°0-  4«xx890°0- Amuwmm< UMQV*AOQHVwO\Hq
(010°0) (010°0) (110°0) (z10°0)
#5x€G0°0"  5xx6G0°07  55xLG0°0"  54x850°0" (1pex) pesnu()),(oug)soTy
(z10°0) (€10°0) (210°0) (110°0) (¥10°0)
w7000 48000 4x980°0"  4x6T0°0"  4xx6£0°0 (9100g y1paID), (oUT)S0TY
(210°0) (910°0) (¢10°0) (L10°0) (£20°0) (¥20°0)
2200 +820°0 +8€0°0  54x080°0 5446900 %4x920°0 (s3088y /3907) 4 (o) 30TV
(£20°0) (120°0) (220°0) (€20°0) (920°0) (1€0°0)
1okt 7CE0  4xaVCE0  44k6CE0 5k OFE0  4sxEFE0  4xxSTE0 (ouy)SoTy
v v v v v v -odureg
Al Al Al Al Al Al
(9) (c) (%) (€) () (1)

syooyg awoouy Suimojjo (Surpuadg)3orTy uo sjureIsuo)) Jpai)) pue jgqa( jo joeduy L o[qe],

43



‘[oA9] w1y

' Je POIOISNIO SIOLID PIEPUR)S [[V €10 I0qUIedd((-800¢ Arenuer ueds suolssoiSoy] 'sjySom Aouonbolj PlOYsNOY PoALIDpP-SJ)) Aq PojySiom SUOISSoISal [V
‘[9AS] P[OYISNOY B € PAISISN[O SIOLIO PIEPUL)S [ "OI}el SWODUI [ENUUE 0} }qop SSOIS S, PIOYISNOY Y} SOINSBIW SWIOIU] 0} }qo(] 'SIOSSE [BJ0} I9AO }qop [€310}
seanseaw $10ssy 01 1qo(] Ajorisere A[ddns Suisnoy] Jo anseawt ()T(g) ZIRS 97 [IM POJUSTUILIISUI ST ULI9) 98RIDAS] 9], "SYOOYS ULIY dA1Ie3auU ATUO osn (9) pue
(¢) suwmnpoy ‘syooys wiy aarsod A[uo asn (g) pue (g) SUWN[O)) ‘SOINSLSW 9FRISAS] SNOLIBA PUR SYJOYS ULIY JO SUOI}ORINUI Sk [[om se Iojrenb totid oty ur
1oKo1dwo s, p[OYaSNOY ® 0} SYO0YS dAI1R3ON PU® 9ATYSOJ UM ((9woou])30 7 M suorjoeIojul pue) (amwoduy)30] v 0] juewunijsut (9) - (1) suwnjoy) 930N

10>d 4 ‘0°0>d i ‘TO0>d yux

A9 OUf
SHA
SHA

ToL'710°E
(620°0)
+%x660°0

(610°0)
***@Nﬂ.o

SO[qRIIeA POJUSWIILIISUT
Hd PIoyesnoyg

Hd poted
SUOT}RAISS( ()

(8308877 /392 4 (OrOOUT) 30T V7

(ewoou] /199 () 4 (Suoouy)307T v

(ewoouy)307 W

(puedg)3oT v
oATYR3ON AU
Al
(9)

ADTOU] AdTOUT AT OUT A9 OUT AdTOUT
SHA SHA SHA SHA SHA
SHA SHA SHA SHA SHA

12L710°€ 1L 710°E 12L710°€ 1L710°€ 12L710°€
(810°0) (L20°0)

xvc0°0 *xx22L0°0

(120°0) (910°0) (¥10°0)
*xx360°0 9¢0°0 +%xx6L0°0
(810°0) (220°0) (210°0) (¢10°0) (620°0)
***NL%.O ***mwm.o ***ﬁﬂﬂ.@ ***Nﬁm.o ***@MM.O
(puadg)So1 v (puedg)So] v (puedg)So1y  (puedg)fory  (puedg)so] v
aAnIsod ATuQ v oAlfedoN ATUQ  PATYISOJ ATUQ v
Al Al Al Al Al
(%) (¥) (€) (c) (1)

odAT, yooyyg

SYOOYS 9AIJRSIN] PUR 9AI}ISOJ - SYO0YS awoou] Surmoroq surpuadg uo 3qa(J jo joeduuy :g o[qr],

44



A Data Appendix

A.1 Housing Supply Elasticity

The second instrument utilized for this paper is one designed to identify exogenous variation in levels of
debt and leverage, as well as identifying locations with larger exogenous changes in property prices. |
use a measure of housing-supply elasticity developed by Albert Saiz (2011) that is based on geographic
characteristics of metro areas. Saiz uses satellite-generated data on characteristics such as water bound-
aries, elevation, and elevation changes to construct an index of land unavailability covering the majority
of the population of the United States. Saiz conducts his analysis at a CBSA level, providing an index
for 257 of the 953 CBSAs, containing over 72% of the population of the United States as of 2010. All
samples in this paper are restricted to be from households residing in zip codes that are contained within
these CBSAs.

Glaeser, Gyourko, and Saiz (2008) as well as Mian and Sufi (2010), demonstrate the power of this
instrument in both driving changes in housing prices and coincident changes in household leverage
levels. They demonstrate the linkages between housing supply elasticity, home prices, and housing
bubbles, both during the 1980s as well as during the early 2000s, in the period leading up to the
Great Recession. In areas with relatively inelastic housing supplies, households homes’ appreciated in
value and home equity was often extracted, leading to higher levels of debt and leverage. Mian and Sufi
(2013) demonstrate that housing supply elasticity did not systematically vary with things like local wage
growth, exposure to or growth in housing-related sectors like construction, or large positive population
growth. They find that more inelastic cities have higher per-capita income and per-capita net worth,
but that these correlations are constant over time and thus, for the purposes of my paper, will not play
a direct role in the differenced specifications.

Another concern with this variable is that housing supply elasticity acts as both a driver of household
debt as well as a driver of asset prices. This is due to the nature of the housing boom and bust cycle
during the late 2000s, where inelastic areas saw rapid increases in housing prices and housing-related debt
followed by larger declines in asset prices. In my analysis of the impact of leverage on the responsiveness
of consumption to income shocks, I use the variable to instrument solely for the initial level of leverage
that the household faces. Concerns that the elasticity measure may also proxy for long-run decreases
in housing prices may be mitigated by the fact that I use high-frequency changes in income while
property prices decline only over a period of years. Moreover, the elasticity of local housing supply is
uncorrelated with the firm shocks that drive changes household income, as most of these firms are large

public, and geographically-spread, employers relatively unaffected by the decline in property prices. I
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also test specifications which include location level trends, property prices, or gross household assets as
further controls for the decline in housing prices, finding no significant change in the magnitudes of my

estimates.

A.2 Layoff Data

Data on the number of layoffs by firm-quarter are constructed from a search of newspaper articles
regarding large instances of layoffs. The database in question is the Access World News Newsbank
(AWN) database of national and local US newspapers. This database extends back to the 1980’s and
contains well over 1,500 newspapers during the same period of 2008-2013.

I first compile a complete list of full firm names (eg. ’Agilent Technologies Incorporated’) and
construct a complementary list of shortened firm names (eg. ’Agilent’). This shortening is largely done
by removing all common terms and punctuation from firm titles. Using this list of full and shortened
firm names, I search the AWN database for articles in which the title contains three terms. The first
is the firm name (or shortened firm name). The title must also contain at least one term from each of
the following sets: (positions OR jobs OR employees OR workers OR notices OR roles OR staff OR
personnel) and (slash OR slashes OR slashing OR lost OR losses OR layoffs OR sheds OR axes OR
cuts OR fires OR layoff OR shed OR axe OR cut OR cutting OR axing OR shedding OR reduce OR
“lay off” OR “laid off”). Thus, I am attempting to identify news articles which are primarily about
layoffs at a particular firm.

For each resultant article, in addition to the firm name in question, I save two additional pieces of
information. The first is the date that the article was written. The second is the number of layoffs
mentioned in the title. Full article titles regarding layoffs are often written in a formulaic manner (eg.
“Wells Fargo to cut 4,000 jobs” or “Alcoa lays off 2,400 workers”) and contain the number of layoffs
that were announced by the firm. These searches yield approximately 16,000 news articles covering 512
firms from 1985 until 2013. T categorize and count the number of articles by firm-month, discarding
any articles that do not have at least 2 articles regarding layoffs in that firm-month. Manual inspection
reveals that these articles are generally false positives.

Finally, I use the most common number of layoffs, by firm-quarter, reported by newspaper articles
as the true number of layoffs for that given firm-quarter instance of layoffs. Approximately 75% of firm-
quarters have 75% of relevant articles agreeing on the number of layoffs in a given quarter. Just over
50% of firm-quarter observations have 100% agreement, with all articles regarding that layoff reporting

the same number of layoffs. The final sample covers 179 firms and 330 instances of layoffs from
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A.3 Job Switching

One potential worry in using negative firm shocks is that there are unlikely to be permanent or even
semi-permanent in duration because individuals can switch jobs and negate the negative effects. I find
evidence suggesting this is not the case; the income of users who switch jobs after a negative shock is
insignificantly different than the income of users who switch jobs with no negative shocks.

Overall, users are not more likely to switch jobs after a positive shock, but are more likely to switch
jobs after a negative shock. I test this with a probit of 3 lags of negative shock indicators, 3 leads
of negative shock indicators, and contemporaneous negative shock indicators, finding significant effects
on contemporaneous shocks of switching jobs in the following month. This remains true, though the
coefficient decreases in magnitude, if only using non-layoff negative shocks (large and surprising negative
earnings reports and write-offs by the firm).

I find that, on average income is depressed after leaving a job for the first three months. However,
when transitioning to a new observable job (eg. to another employer from the NYSE or NASDAQ),
income tends to increase in the months after leaving a job. Moreover, leaving a job after a shock does
not significantly alter these relationships, with insignificant coefficients on interactions between negative
shocks to firms and leaving that firm. This suggests that users cannot avoid the entirety of negative
firm shocks simply by leaving their firm.

One explanation for this finding relies on users being rational members of the labor market and
the presence of switching costs and firm-specific human capital exists. In this case, employees will not
remain at a firm if there is an opportunity for a significant raise elsewhere. Moreover, on average,
opportunities and pay at other firms will be lower than at the current firm due to the fact that firm-
specific human capital has been accumulated. Thus, employees at firms hit by a negative shock will
likely have no options to be employed at other firms at a significantly higher wage or else they would
have already left.

Despite a lack of opportunities at higher wages, if household income was subject to large declines
following a negative firm shock, employees may still be induced to change jobs to ameliorate sizable
drops in income (eg. take another job at 10% less rather than endure a 30% decline in income). However,
firm shocks in this paper cause drops in income on the order of 1-3%. Thus, considering a likely loss in
income due to firm-specific human capital and job-switching costs, most users would be unlikely to be

substantially better off if they switched jobs following a negative shock.
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B Results Appendix

Figure Bl: Median Nominal Income Growth Expectations
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Notes: Median Nominal Income Growth Expectations, taken from data from the Michigan Consumer Survey. Data from
the first quarter of 1990 to the fourth quarter of 2012. Data from survey answers to the question: “During the next 12
months, do you expect your (family) income to be higher or lower than during the past year?’ and "By about what percent
do you expect your (family) income to increase during the next 12 months?”
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Table B1: Summary Statistics Weighting Comparison

Mean Median ~ CPS-Weighted Mean CPS-Weighted Median

Male 0.72 1 0.65 1
Married 0.56 1 0.48 1
Homeowner 0.54 1 0.48 0
Income (Monthly) $7,362 $5,678 $6,758 $4,810
Spending (Monthly) $7,300 $5,646 $6,725 $4,790
Equity Wealth $46,628  $3,391 $42,790 $902
Prop. Wealth (Homeowners) $277,454 $220,666 $316,801 $232,500

Notes: CPS weighting is done at a household level based on age, sex, income, and state of residence. Households in
personal financial website data are equated to head-of-households in the CPS data.

Table B2: Layoffs by Firm

Firm Mon Day Year Layoffs Firm Mon Day Year Layoffs
AT&T 1 1 2010 160 MEDTRONIC 2 19 2011 2000
LOCKHEED 1 1 2010 1200 NORTHROP GRU. 2 26 2011 500
FOOT LOCKER 1 8 2010 120 WELLS FARGO 3 19 2011 400
NYSE 1 8 2010 350 CISCO 4 9 2011 550
UPS 1 8 2010 1800 LOCKHEED 6 11 2011 1200
HOME DEPOT 1 22 2010 1000 CISCO 7 9 2011 6500
VERIZON 1 22 2010 13000 BOSTON SCI. 7 23 2011 1400
WALMART 1 22 2010 11200 BANK OF AMER. 8 13 2011 3500
HUMANA 2 12 2010 1400 NORTHROP GRU. 8 20 2011 500
BOEING 2 19 2010 1000 BANK OF AMER. 9 10 2011 30000
IBM 2 26 2010 1518 LOCKHEED 9 24 2011 670
CHEVRON 3 5 2010 2000 LOWE’S 10 15 2011 1950
NETFLIX 5 14 2010 160 WHIRLPOOL 10 22 2011 5000
PFIZER 5 14 2010 6000 AMD 10 29 2011 1400
HEWLETT PACK. 5 28 2010 9000 ADOBE 11 5 2011 475
NATIONWIDE 7 2 2010 2070 MORGAN STAN. 12 10 2011 1600
WELLS FARGO 7 2 2010 3800 ARCHER D.M. 1 8 2012 1000
WINN DIXIE 7 23 2010 120 METLIFE 1 8 2012 2575
FEDEX 9 10 2010 1700 KRAFT 1 15 2012 1600
ABBOTT 9 17 2010 3000 ABBOTT 1 22 2012 700
AON 10 8 2010 1800 AMERICAN AIR. 1 29 2012 13000
NORTHROP GRU. 11 12 2010 380 MICROSOFT 1 29 2012 200
STATE STREET 11 26 2010 1400 NATIONWIDE 2 5 2012 625
AMERICAN EXP. 1 15 2011 550 SUPERVALU 2 5 2012 800
BOEING 1 15 2011 900 IBM 2 26 2012 1100
ABBOTT 1 22 2011 1900 GOODRICH 3 4 2012 500
PFIZER 1 29 2011 1100 LEVIS 3 4 2012 500

Notes: Layoffs derived from news-based analysis of layoff announcements. Articles from over 1,500 local, regional, and
national newspapers from the Newsbank news archive service were utilized to determine the announcement date and the
number of individuals laid off for each firm.

49



"[oAS] PIOYSNOT B 1B PAId)SN[D SIOLID PIRpUR)S [[Y ‘€107 I0quIodd(-800%
Arenue uweds suOIsso130Y "SYOOYS 9AIIR39U SB 1s01 1) Pue sY20Ys aa1yIsod se payissed dsi/boy
pojerdwo)) pue sesuiding sgururer] 9AIISOJ YIIM ‘SIOJRIIpUL AIRUI] OAIJRSSN], PUR OAI)ISO], OJUL
SYDOYS LI SNOLIRA d1[) SOSUOPUO0D (9) UWN[O)) "dUWOIUI SNUOC-UOU Pue }ooypAed-uou [ S omodul
WILJUON -oseqejep rodedsmou smoNPIIOAASSO00Y SUIdRIDS WOIJ POALIOP SPOAR] JO IoquuINU oY} oI
sgofer] “ejep MK DS WOIJ POALIOD SIOYedIPUI oIk sjyuouiredul] [eLI9)e]y puR $)assy Jo si/boy
-o011d 3[003s oY) JO Yz uey) olowr Aq (eyep SH ] WoIj) sSurules Jo uolje)oadxo uweW oY) WOI]
poIogIp 10do1 SSUTUIRS UR ISYIOYM SIOJRIIPUI o1e sostIdIng SSUTIey 9ATIRSoN PUR SATIISO :SOI0N

10>d 4 ‘60'0>d yi T0°0>d yyx

SHA SHA SHA HA PIOYesNOf]
SHA SHA SHA . poreg
1L 710°E 1L 710°E 1L 710°E SUOIYBATISq ()
(z%100°0)
72,000°0 AY10TISR[H SUISNOH,MPOTS WLIL] SAITRSON
(86100°0)
951000~ (87088 /399, [POYS WL dATYESON
(82200°0) (6£200°0) (0%200°0)
***ﬁﬂﬂﬁ@@u ***@@Hﬂ@@u *%*@%Mﬂ@@u MUOQW TWLIT ®>E®W®Z
(6£00°0)
16000°0~ Ayorysery] SUISNOH DOYS ULIL dATYISO]
(€700°0)
90T00°0 (83988Y /199(]) 4 [P0UG ULIL] SATYISO]
(66100°0) (18100°0) (€6100°0)
+5xG8600°0 54866000 4x4FITTO0 S[OOYS ULIT{ DAT}ISOJ
(pup)Bory  (up)Sory  (oup)3oTV
STO STO ST0

(¢) (2)

(1)

SIPOYS WAL JO SIOOPH [eIIULILPI( ON €6 Plq%L

50



‘[9AS] PIOYSSNOY & e PaId)SN[d SIOIId PIEPUR)S
IV €10 1quadd((-8007 Arenuer ueds SUOISSAISOY ‘I[eoM [€)0} PUR SUWIODUI [BJ0} JO senfes paSSo[ apnyoul
S[OIJUOD SWODUT PUE I[BIAN [IUOUI JeT[} Ul WL o1} }e pokojduio sem [eNPIATPUT O]} IOYIOYM SUT}OUSP I0FeITPUT
e )M SWINISI UL 9S9T[) SIORISIUT SUINGSI WLIY,JUSLIN) WY 1Rt} Y)m Jueumiojdmwe 0y juenbasqns syjuou
9 pue 09 roud syjuour g o} uoryppe ul juewiojdwe jo porred airus oy} 10} o[dures oY) UI I0j SUL{IOM SUII}
jsowr 91} juads [NPIAIPUT U UDIYM TWIIY 91} I0J SUIN}II A[IUOU SATJR[NIND dI8 SUINYAI WIIT AYIUOIN :SOION

10>d 4 ‘60'0>d yi T0°0>D yux

SHA ON SHA ON S[OIYUO)) SUWOIUT /YITRIAN
SHA SHA SHA SHA H4d Proyesnoy
SHA SHA SHA SHA HAd poled
GIL°0 669°0 GTL0 669°0 7
8LV TIC'Y 8LV 11T 8LV 11T 8LV TIC'Y SUOTIeAIOS( ()
(8%5000°0) (¥19000°0)
#%xx66T100°0 +%x99¢00°0 SWINJOY WL, JUSLINT
(126000°0) (8£6000°0) (128000°0) (¥£6000°0)
0¥T00°0 L1000 *x69T100°0 Gc100°0 SUWINYOY WLIL] ATIUON

(8urpuadg)3or  (Surpuedg)8o7  (Surpuedg)SorT  (Surpuedg)Sory
(v) (€) (@) (1)

9OUBRWLIOJID WILI-UM() 0 AJIAINSUSS ¢ O[qR],

51



"[oAS] PIOYASTIOT © Je

PaI99sn[d SI0LIS PIRPURIS [[Y €10 IoquIeds([-800¢ Arenue urds suolssaidey] ‘sjysdom Aousnbalj pjoyssnoy peALep-§J0) A pPaiysem SUOISsaISal [y
"SYO0T[S OATIRSON], SB POISSB[D ale (sjusteounouny jJoker] pue ‘sjyuouriredur] [eroje]y ‘sostiding sSururey] oA1)eSoN]) sY00Ys WL SUTUIRWSI 917 STy M
dsiq/boy pejerdwoy) pue ‘sesurding s3ururer] oAIISOJ oI SYOOUS BAINSOJ, ‘SI9SSe [R)0) ISAO J(OP [BJ0] SAINSBOW SosSy 0} 1qo(] "Suolpeoyroads
Al ut £yonsefo A1ddns Suisnoy jo ainseaw ((T(g) ZIeS oY) [IM POJUSINIISUL ST ULID) 9FRIOAS] O], 'SOINSBOUI 9FRIOAS] SNOLIRA PUR SYOOUS ULIY JO
SUOIoRIONUI Se [[om sk juour Iotid oy} ur IeAojdwe S PIOYLASNOY & O} SYIOYS SATYRSON pue 9A1IS0d UM ((9uoou)30] Y YJm SUOIJORIOIUI PUR)
(ewoour)3or] v 10] Juewnagsur (9) - (f) suwmoy) ‘Surpueds Juewesordutt swoy pue ‘syred pue 9o1ATIes oIne ‘sFurysiuing ‘sjuswided ojne jo pesoduiod
st durpuads sejqean(] sjyuswed sdedliow pur ‘sjuswded ueo] ‘syusuiAed 1S919)Ul PIRD JIPAId pajeull)ss uo surpuads sjusserdar Surpuadg )qa(] :S9I0N

1°0>d 4 ‘60°0>d 4x ‘TO0> s

AT OU] AT OU] A9TTOU] - - - SO[(RLIBRA POIUSUITLIISU]
SHA SHA SHA SHA SHA SHA H PIOYesnoH
SHA SHA SHA SHA SHA SHA . polwJ

1L V10°E 1L V10°E 1L V10°E 1L 710°E 12L710°E 12L710°E SUOIYeAIISq ()
(z10°0) (€€0°0) (£20°0) (110°0) (£10°0) (¥10°0)

+xx1€0°0 +5x€0T°0 k%2070 +%£20°0 +5%660°0 +5%890°0 (s3088Y /199 ) 4 (00U 30T W
(£10°0) (gz0°0) (zz0°0) (120°0) (zeo0) (620°0)

s35 I7G0 #567G°0 #xxEGE°0 #55LCT 0 #3566 0 #5x9T€0 (ewoouy)3or] v

(e@)So1 v (m@)So1y  (puedg)So1 vy (1gp)SoTV  (m@)3oT Vv (puedg)SoT v
Al Al Al ST0 ST0 ST0
(9) () (%) () (2) (1)

Surpuadg ployesnoy jo sjusuoduwo)) - s}O0yS suwodUu] SUurmo[[o suipuadg uo jqo(g jo oeduwy :¢g o[qr],

52



‘[PAS] PIOYLSNOY ® 8 PoIajsno
SIOLI® pIRPUR)S [[Y €107 IPqUIEd(I-800¢ Arenue ueds SUOISSaISoY "sIYSom Aouenbalj pioyesnoy poALdp-SJ) A PoIYSIom SUOISSOISAI [ "SYOOUS ATIRSON],
se payIsse[d aIe (sjuemedunouuy joder] pue ‘sjusuriredw] [eroje]y ‘sostiding sSururery] aarpeSoN) syooys urry Surtureural oy o[iym dsi/boy pejerdwoy pue
‘sostrdIng SSUTILIRY OATIISOJ OIR SYO0US OAINSOJ, 'SIOSSE [R107) IOAO )goP [B)0] SOINSLIW S)9sSYy 01 109 ‘suorreoymads AT ur A3oryse[o A[ddns Sursnoy jo sInseaur
(0T0Z) zreg o) YIIM POJUSTUNIISUL ST ULI) SSRISAS] O], 'SOINSRIU 9FRISAS] SNOLIRA PUR SYDOYS ULIY JO SUOTIORIANUI S [[om se yjuowr Jotxd o) ul Iekordurs
S,PIOYESTIOT ® 09 SYI0US 9AIIR3ON pUR 9AT)ISOJ YHm ((euroou])Sor] v Yim suorjdoeIojul pue) (awoou])30] §7 I0] JUSWINIISUI SUWN|0d [[y ‘o[qreLres juepusdop
® SB 9WOOUI SNUO(C Ul So3urYD A[UO asn (9) pue (¢) SuWN[od S[IYm S[(rLIRA juepusdep & st owodul yooydAed ur sedueyo Auo osn (G) pue (g) suwnjoy) :s9joN

1°0>d 4 ‘600>d 4x ‘TO0>D ik

A9 OU] AdTOU] AdTOUT A9 oUf AdTOUT Clg pielog | SO[(RLIRA POJUSWNI)SUT
SHA SHA SHA SHA SHA SHA H4d Ployssnoy
SHA SHA SHA SHA SHA SHA H4d poLed

TTL710°E 12L710°C TTL710%€E T2L710°E 1TL710%€E T3L710°E SUOTYRAIIS( ()
(¥10°0) (910°0) (#10°0)
Gco0 s%x280°0 *%x390°0 (s1085Yy /199 ) 4 (Poouy) 307 W
(¢10°0) (910°0) (#10°0)
1200 x5 780°0 %0900 (uoou] /199 (T) 4 (Suroouy) 3o ¥
(0) (0) (320°0) (0) (0) (620°0)
528810 %L GF 0 %8980 s 191°0 #xxG07°0 «5x98€°0 (eumoouy)3oT v
(puadg)o7 v (puedg)sor vy (puadg)SoTy  (puedg)So]y  (puedg)dor vy (puadg)SoT v
snuog ATuQ yoopied ATu( v snuog AuQ Yoouohseq A[u( nv odAT, poyg
Al Al Al Al Al Al
(9) (9) (7) (€) (¢) (1)

sasnuog pue s)daYLeJ - syooyg awoou] Suimoqjo Surpuadg uo 1qa(J jo eduwiy :9¢ 9[qrL,

93



	Introduction
	Data
	Household Financial Data
	Firm Shocks Measurement
	Firm Matching, Firm Shock Power, and User Selection

	Data Validation
	Theoretical Framework
	Results
	Income Shocks and Debt
	Robustness
	Liquidity, Borrowing Constraints, and Debt

	Aggregate Effect Estimates
	Conclusion
	Data Appendix
	Housing Supply Elasticity
	Layoff Data
	Job Switching

	Results Appendix

