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ABSTRACT

This dissertation is composed of three essays that study the macroeconomic and financial
causes of the Great Recession. The first chapter focuses on understanding some of the
business cycle dynamics of different regions in the United States. In particular, I seek to
understand what shocks and frictions are the drivers of consumption and employment differ-
ences across subnational economies, particularly states. I find that the shocks and frictions
that drive the aggregate business cycle are not enough to understand regional business cycle
dynamics. In this chapter I develop methodological contributions that can help researchers
guide the construction of models whose goal is to understand regional business cycle dynam-
ics and how it relates to aggregate business cycle dynamics. The second chapter focuses on
understanding the link between regional and aggregate business cycles. We find that that
the shocks that we can identify using cross-sectional variation are insufficient to understand
the joint dynamics of prices, wages and employment at business cycle frequencies. In par-
ticular, demand shocks identified using cross-region variation are insufficient to explain the
persistent decline in aggregate employment. This chapter develops methodological contri-
butions to identify shocks in macroeconomic models and to construct regional indexes for
prices and wages. The third chapter is an empirical analysis of the non-agency mortgage
backed securities market, which has been at the core of the explanations of the causes of the
Great Recession. By carefully studying the cash flows, returns, and how they relate to the
credit ratings, we find that contrary to the conventional narrative of the crisis, AAA-rated
subprime mortgage backed securities performed remarkably well. This calls into question
some key aspects of the explanations that have been given as triggers of the crisis of 2008,
and points at the need to better understand the forces behind this event in order to have a

more accurate understanding and be able to prescribe appropriate policies.
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CHAPTER 1
REGIONAL BUSINESS CYCLE ACCOUNTING AND THE
GREAT RECESSION

1.1 Abstract

I extend the business cycle accounting methodology to a setting of a monetary union. I
construct a novel dataset on prices, wages, employment, net assets, and consumption that
using both aggregate and regional data allows for the application of the methodology at
three different levels of geographic aggregation: states, MSAs, and counties. Applied to the
Great Recession at the state level, the business cycle accounting exercise provides two main
findings. First, for 40 out of 48 states the labor wedge played a primary role in accounting
for the differences between employment at the state level and employment at the aggregate
level. Second, for 42 states the intertemporal wedge played a prominent role in accounting
for the differences between consumption at the state level and consumption at the aggregate
level. These results suggest that models using regional variation to study the business cycle
of the Great Recession would need mechanisms generating fluctuations in more than one
wedge to account for relative fluctuations in employment and consumption of a given region;

however, in principle, such mechanisms need not be different for different regions.

1.2 Introduction

Economic outcomes across regions within a country may vary greatly over the business cycle.
A recent, representative example is the United States during the Great Recession. Figures
1.1 and 1.2 illustrate this fact in a cross sectional and time series fashion respectively. Figure
1.1 shows the percentage point change in employment rate between 2007 and 2010 for states

and counties. The cross region variation is large, a state like Nevada suffered nearly a 9



percentage point decrease in the fraction of people working while North Dakota only saw
a negative change slightly higher than 1 percentage point. For counties the cross-region
variation is orders of magnitude bigger even within a given state. Figure 1.2 plots the
cyclical components of employment measured as total hours worked per person and real per
capita consumption for three sample states. Not only the amplitude of the cycle was different
across states but also the speed of recovery. While employment and consumption in New
York were almost back with respect to trend by 2014, employment was still 4 percentage
points below trend for Nevada and consumption was about 1.5 percentage points below trend
for both California and Nevada.

What are the reasons behind this geographically heterogenous aggregate fluctuations?
There are several candidates. One reason may be that the size of the shocks hitting local
economies might be different.! A second possibility is that different regions have different
economic structures, which may make them more or less sensitive to certain types of shocks.?
Finally, another possible explanation is that regions may differ in certain institutions and/or
frictions that affect economic outcomes. For example, labor income taxes and minimum
wages vary by state, and certain market frictions such as the degree of wage rigidity could
also be different across different regional labor markets.

There have been a large number of studies using cross-region variation to explore some
of these possibilities.3 However, Beraja, Hurst, and Ospina (2016) have shown that cross-

sectional, partial equilibrium studies are limited in their ability to inform us about the

1. Some good examples of this are provided by Mian et al. (2013) and Mian and Sufi (2014) who use
regional variation in declining house prices and household leverage to identify the so called “housing net
worth shock” and explore its effects on consumption and employment via demand channels.

2. An example would be Charles et al. (2016) who show that MSAs exhibited differences in the level
and composition of manufacturing, which resulted in differential effects of the decline of manufacturing in
employment, wages, and population. This paper is more about long run changes than changes at business
cycle frequencies, but it does illustrate the importance of variation in the productive structure of the economy
in understanding economic outcomes dynamics

3. Examples include Stroebel and Vavra (2016), Mian et al. (2013), Mian and Sufi (2014), Hagedorn et al.
(2016), Mondragon (2015), Mehrotra and Sergeyev (2015),Autor et al. (2013), Charles et al. (2016),



aggregate economy and that the use of cross-region variation needs theory to be able to
inform us about aggregate business cycles.

With this in mind, this paper seeks to contribute to our understanding of the sources of
aggregate fluctuations by answering two questions that would help guide theory. First, what
type of frictions/shocks are most promising in explaining these differential business cycle
fluctuations across regions? How similar are these types of shocks across regions? To answer
these questions I take a business cycle accounting approach and extend the methodology put
forth by Chari, Kehoe, and McGrattan (2007a) to a setting of a monetary union in which
different regions are connected through the actions of a monetary authority and trade of
intermediate goods.

The business cycle accounting methodology is based on the so-called “wedges”. Wedges
are discrepancies in the relationships between economic variables/quantities implied by either
resource constraints or first order conditions of the decision problems of agents in a model
economy when taken to the data. I take the view that wedges are related to meaningful
shocks or frictions and are not just errors that result from the failure of theory to fit the
data. This view is the one that makes the accounting exercise meaningful®. To support this
view I find useful the fact that wedges exhibit systematic behavior over the business cycle®,
so that understanding their behavior at business cycle frequencies could prove useful to
learn about aggregate fluctuations and improve theory. An example is provided by the labor
wedge, the difference between the marginal rate of substitution between consumption and

leisure from the households’ theoretical labor decision and the real wage.6 To be specific,

4. See Brinca et al. (2016) for a detailed exposition

5. Clearly, one would not expect to see that theory holds exactly in data just from the fact that the
variables we use are measured with error

6. In this paper the labor wedge will be just the wedge in the first order condition of the households with
respect to their labor decision, while the productivity wedge will represent the firm’s side. The literature
on the labor wedge started by looking at the labor wedge as the difference between the marginal product of
labor from the firm’s labor decision and the marginal rate of substitution from the consumer’s labor supply
decision



the labor wedge is countercyclical, it increases in recessions which makes look recessions
as periods when people dislike to work, in the same way as a tax on labor income would
theoretically affect labor. Figure 1.3 shows this fact in two ways. First by relating one-period
(time series) changes in the cyclical component of aggregate labor to one-period changes in
the aggregate labor wedge from 1976 through 2014. Second, by showing that this negative
relationship is also a feature of the Great Recession period between 2007-2010 using the
cross-state variation in the labor wedge and in state-level employment, per-capita income,
and real per-capita consumption. The countercyclical nature of the aggregate labor wedge is
a very well documented fact (see for example Shimer (2009)). The fact that the labor wedge
was important during the Great Recession has also been documented in the literature (see
for example Ohanian (2010)). Here I just show that this fact is also present when one looks
at the cross section of states.

The accounting part of the methodology provides a general equilibrium aspect to the
wedges. Clearly, to study the household side of labor wedge one only needs the first order
condition of the households. However, different shocks/frictions and equations are involved
in determining the variables in the equation with the labor wedge. Furthermore, wedges
are correlated in the data. Therefore, recovering the other wedges is necessary to gauge the
relative importance of the shocks/friction working through the labor wedge in accounting
for fluctuations in the data.

I start by adapting the business cycle methodology of Chari, Kehoe, and McGrattan
(2007a) to a context of regional economies within a monetary union. To do so, in section 1.3
I first write a simple model of a monetary union in which regions, represented by islands,
are connected through trade of intermediate goods and a central monetary authority. The
model is intended to play the role of a benchmark model in the same way as the Neoclassical
Growth Model plays the role of benchmark for national economies in Chari et al. (2007a).

I write the model to have little structure (no explicit shocks or frictions) as it is the idea



behind the wedge accounting procedure, while at the same time capturing some facts of the
Great Recession, for example that wages and prices behaved differentially across regions (see
Beraja et al. (2016)). The way the model is written and solved, allows one to apply the
methodology for different levels of regional aggregation (States, MSAs, and Counties) since
all the variables can be created from existing data for the three types of regions.

I then proceed to construct all the variables at the aggregate and regional level required to
estimate the model and recover the wedges: wages, prices, employment, and net assets. For
states I also employ data on consumption. The application of the business cycle methodology
involves the estimation of a relatively large number of parameters. I use both aggregate data
that goes back to 1976 and the cross-region data to maximize the available data for the
estimation. Section 1.5 explains in detail the construction of the different variables. The
construction of the dataset involves the use of about 25 different datasets, some of which are
micro and some of which are already aggregated at some geographic level. For a complete
list of the datasets I use in the paper see appendix table 1.9.

With the model and the data, in section 1.6 I proceed to estimate the parameters of
the stochastic processes that govern the evolution of wedges. To this effect following the
implementation proposed by Chari, Kehoe, and McGrattan (2007a), I log-linearize the model
around a deterministic steady state, and then using the policy functions of the model I
estimate the parameters by maximum likelihood via a Kalman Filter. In this section I lay
out the conditions that make both the estimation and the application of the accounting
methodology tractable. These conditions are to a large degree also imposed by the fact that
data at the regional level is available only from 2005 and at annual frequencies. Under these
conditions the aggregation properties of the model can be used to 1) facilitate the estimation
by making the hidden states of the Kalman Filter of a given region independent from those
of other regions 2) enable the use of cross-sectional data as well as aggregate data to estimate

a relatively large number of parameters.



In section 1.7 T apply the business cycle accounting methodology by conducting the
exercise with state-level data. The exercise is done by using the estimated parameters and
the decision rules of the model to measure and recover the wedges. Then the wedges are
fed back into the model one at a time or in groups to produce the wedge-components of
employment and consumption and assess which wedge is most important in accounting for
the fluctuations of these variables for each state. In section 1.8 I explore the sensitivity of
results to changes in parameters, preferences and data.

The results from the exercise and from the sensitivity exercises indicate that the labor
wedge played a prominent role in accounting for the fluctuations in employment for most
states. In the baseline specification, that labor wedge accounts for 50% or more of the
movements in employment for 31 states (60% of the regions) when fed into the model by
itself. For only 7 states, the labor wedge accounts for less than 20% of the movements
in output. The importance of the labor wedge is reinforced when one studies an economy
with three wedges except for the labor wedge. For only 6 states, an economy without the
labor wedge accounts for more than 50% of fluctuations in employment. Analyzing the
decomposition state by state I find that the labor wedge was the main driver of differences
in employment fluctuations across states, with 37 states having the labor wedge as the main
peak-trough (2007-2010) wedge and 40 states having it as the main driver of employment
fluctuations for the period 2007-2014.

For consumption I find that the intertemporal wedge by itself accounts for more than
40% of consumption for about 34 states. For the majority of states (31 out of 48), the
three-wedge economy that does not contain the intertemporal wedge is unable to account
for more than 50% of the movements in relative consumption. This pattern is stronger for a
range of different preference parameters and for a change in preferences. A detailed analysis
of the business cycle decomposition state by state shows that the intertemporal wedge was

the main wedge driving fluctuations in consumption during the downturn (2007-2010) for 37



states and played a secondary but important role for another 5 states, while it play a key
role for 40 states when the entire business cycle period (2007-2014) is analyzed.

Overall, the results indicate three main implications for models that attempt to capture
or explain the cross-regional variation of employment and consumption. First, models with
frictions and shocks that produce fluctuations in the labor wedge will have a better chance
of matching the differential behavior of employment while models with frictions and shocks
that produce fluctuations in the intertemporal wedge will be most promising in explaining
the variation in consumption. Second, even though the Great Recession at the aggregate
level looks like a labor wedge recession (see Ohanian (2010) and Brinca et al. (2016)), at
the regional level variation in only one wedge will not be able to produce the employment
and consumption variation that we see in the data. The implication is that model builders
should aim to have features in the models working through two wedges. Third, the fact that
one wedge accounts for a large fraction of the movements in employment for most states
and that one wedge accounts for most of the movements in consumption for most states,
indicates that models in principle do not need a zoo of frictions and shocks to explain the
regional variation that we observe in the data.

Crucially, these results are in contrast with the results from a business cycle account-
ing exercise applied to aggregate data and aggregate models. From this exercise we would
not rule out models that have undistorted Euler equations (no intertemporal wedge) and
one would conclude that the Great Recession was a labor-wedge recession. However, when
one opens the aggregate black box to study regional economies and takes into account that
markets are incomplete, that it is difficult at business cycle frequencies to shift people and
consumption around so that marginal utilities equalize, the Great Recession no longer looks
like a labor wedge-only recession. From regional data and regional variation, shocks and fric-
tions that distort the Euler Equation are crucial to understand the dynamics of consumption

and we would rule out models that have undistorted Euler equations.



1.3 A Benchmark Model

The purpose of this section is to present a model that serves as a benchmark for the class of
models that I will study. This model plays the same role for an economy composed of many
regions as the Neoclassical Growth Model for a national economy in Chari et al. (2007a).
The model is not a multi-region version of the Neoclassical Growth Model due to data
limitations. Specifically, the model does not have investment and capital as these variables
are unavailable at the local level. The model has nominal variables like prices and wages and
the state variable represents net savings. The idea is to have a simple model for a monetary
union with no explicit frictions or shocks. Instead, the model contains time varying wedges.
These wedges are reduced form for shocks and frictions in otherwise explicit models that
can be mapped into the benchmark. In section 1.4 I illustrate via one example how these
models with explicit frictions and shocks can be mapped into the benchmark model of this
section. The insight from business cycle accounting is that variation in the wedges represents
variation related to the shocks and how they get amplified by frictions; when variation in a
wedge accounts for variation in a variable of the model, then a explicit model that produces
such wedge provides a promising mechanism to explain the fluctuations that we see in the
data at business cycle frequencies.

The general characteristics of the regional benchmark model are that it represents an
economy composed of a large number of ex-ante identical” islands (local economies or re-
gions). These islands belong to a monetary union with a monetary authority setting an
interest rate common for all islands. Islands are also connected through trade of intermedi-
ate goods, which are used to produce a final non-tradable good. Examples of models with
this structure can be found in the literature that studies the Great Recession, for instance

in Beraja et al. (2016) and Midrigan and Philippon (2016). These models vary in the shocks

7. In the section 1.6 I discuss the implications of moving away from this assumption



and frictions they entertain. For example Beraja et al. (2016) have sticky wages with labor
supply, discount rate, and productivity shocks, while Midrigan and Philippon (2016) have
price rigidities, wage rigidities, and financial frictions.

The idea of the model is to impose little structure while having a model that can be fully
estimated with existing data and that is truthful to empirical facts in the data like the wage
and price dispersion across regions and which I document in section 1.5.% The equilibrium
conditions of the model are used in conjunction with the data to measure the wedges. Even
though the model has little structure in the sense that heterogeneity, frictions, and shocks
are not modeled explicitly, the measurement of the wedges will in general depend on the

chosen functional forms for utility and production functions.”

1.5.1 Households

The islands (indexed by k) in the economy are inhabited by infinitely lived households who

have standard preferences given by

1_
Crt 7 ¢

0 1+¢
~Pkt _ N, ¢

where C}; is consumption of the final good, Ny, is labor, and py; is the discount rate. This

Eo

preferences allow for wealth effects on labor supply. In section 1.8 I explore the consequences
of moving towards GHH preferences and not allowing for wealth effects.

Households choose how much to consume of the final good, how much to work and how

8. Wage and price differences across regions are also required for the implementation of the methodology
as [ will write the model for the regional economies in deviations from the aggregate. If there is no differences
in prices and wages across regions, these variables would vanish from the equilibrium equations.

9. This is always the case, even in the more standard context of Chari et al. (2007a), both parameter
values and functional forms will matter.



much to save while facing the following period-by-period budget constraint
PyyChy + Bpon < €% Biy(1+ig) + e Rt Wiy Ny + Iy + T

with households spending their financial income Bj;i¢, labor income Wy Ny, profits
from the firms II;;, and transfers from the government 73 on consumption and updating
their nominal bond holdings at the beginning of period ¢, Bj;. There are two time-varying
wedges in the budget constraint, one resembles is a tax on labor income (€;;) and the other
one resembles a tax on savings in bonds (03,). Given that this is a monetary union with
bonds that trade freely, i¢, the nominal interest rate, is equalized across islands. It is worth
noticing that this economy is isomorphic to one in which the wedge on savings is modeled
as a wedge on the discount factor in preferences and the wedge on labor income is modeled
as a wedge multiplying labor in preferences. I put them in the budget constrain as it is the
standard approach in the business cycle accounting literature. For the model to be internally
consistent, I assume that the government collects taxes across islands and rebates them back
to consumers in the islands in equal amounts, T}. It is possible to modify the model and
add a more complex system of transfers from the government like in Beraja (2015). With
existing data from the Bureau of Economic Analysis on fiscal transfers at the state level one
can apply the methodology to a context of a fiscal union. At the MSA and county level it
may not be possible depending on data availability.

An important, technical condition is that to induce stationarity the discount factor in-
cludes an endogenous component that satisfies pgsy1 = ppr + ®(.) for some function @(.) of

the average per-capita variables of an island.0

10. This economy features market incompleteness since the residents of the islands only have access to a
nominal bond, whose rate of return is determined by the monetary authority exogenously (from the island’s
perspective) as it depends on aggregate variables that an island cannot influence since the number of islands
is large. This induces non-stationary distributions for variables in the islands, which makes it problematic to
study business cycle dynamics in the context of small open economies log-linearized around a deterministic
steady state. One way to solve this problem and induce stationarity is to include an endogenous component
in the agent’s discount factor. Following Beraja et al. (2016) I use the following function, ®(.) = ®q (cxt — ¢t)

10



1.3.2  Firms

In each island profit maximizing firms operate in two different, competitive sectors. There is
an intermediate-good sector, which I denote with the superscript x that produces a tradable
input to be used in the production of the final good, which I denote with the superscript
y. Every period, producers in the intermediate sector choose the amount of local labor N[,
pay nominal wages W}, and receive the price () for their product. I assume that trade is

free and therefore the law of one price holds. These producers face the following problem:

max ezzth(N,ft)o — Wi Nis,
kot

where 2737 is a time varying tax (wedge) on the sales of the intermediate good!! and
0 < 1 is the labor share in the production of tradables. The final good is produced in each
island using as inputs local labor N g , and the tradable intermediate good. The final good is

non-tradable and has price P;. The final good producer’s problem is:

yw
max Ppeht (N,?Q“(th)ﬁ — WiV, — Qe Xy
thvth

where ZZ:J is a time varying tax (wedge) on the sales of the final good and (o, ) : a4+ < 1
are the labor and intermediates shares of output, and Xj; is the amount of intermediate
goods used as inputs in island k. The assumption of decreasing returns to scale results in
endogenous variation in markups and profits will not be zero in equilibrium.

The assumption that the final good is non-tradable results in price dispersion across

islands. Additionally, I assume that there is labor mobility across sectors'? but not across

using the notation of section 1.6. This solution follows Schmitt-Grohé and Uribe (2003) who show that the
endogenous discount factor yields identical dynamics at business cycle frequencies to those produced by other
alternative solutions.

11. Notice that this wedge looks like time varying productivity z{y’. In the business cycle literature it has
been called efficiency wedge. More structural interpretations would refer to it as productivity shocks

12. Notice that one does not need to assume that labor is mobile across sectors. However, each layer of

11



islands, which results in wages being equal across sectors within an island and in wage
dispersion across islands 13. These features of the model capture the fact that prices and
wages varied differentially across regions over the business cycle as illustrated in Figures
[Figures for prices, wages, and appendix]. Even though there is migration across regions,
for the purposes of this paper the assumption of no labor mobility across islands seems
reasonable, as such mobility does not seem to be the relevant margin of adjustment. Using
migration data from the IRS' I compute net migration rates. Figure 1.4 shows that both
consumption growth and employment growth are uncorrelated with net migration rates
at business cycle frequencies. In the Great Recession, the housing market was affected
differentially across regions and house prices fell across the country; this should make it even

harder for people to move, especially in the short run.

1.3.3 Market Clearing Conditions, Government, and Equilibrium

The remaining equations required are the market clearing conditions of the final goods
market, the labor market, the intermediates good market, and the bond markets, which

respectively are given by:

Chrt = ¢kt (Nigt)a let

Ny = N}jt + N,

complexity increases the data demands. In the case of labor mobility across sectors one would need to build
local wage indexes by classifying industries as tradable and non-tradable, or use other measures of wages
that require less data, especially for counties and cities

13. There are alternatives in the literature that allows one to produce geographic wage dispersion without
assuming complete labor mobility. An example is provided by Suédrez Serrato and Zidar (2016).

14. The data is available here https://www.irs.gov/uac/soi-tax-stats-migration-data

12



Also, the amount of taxes rebated to consumers is given by

== Z [ = 1) By (1+i) + (1 — G_G%t)wktth]

Finally, the monetary authority sets an interest rate according to a rule i; = i(.)et,
which will depend only on aggregate variables where p; could be a wedge between the
interest rate rule and the interest rate.l® In this economy, an equilibrium is a collection
of prices { Py, Wiy, Q¢} and quantities {th>th>Bkt>th7th»th} for each island k and
time ¢ that are consistent with household utility maximization and firm profit maximization,
such that the market clearing conditions above hold, given an interest rate set by the rule

and exogenous processes {J7, Zkt S ZRg s €5 It}

1.4 A friction and the corresponding wedge

The model above has no explicit frictions. In this section I show how a friction in an explicit
model creates a wedge in one of the first order conditions of the model and how shocks and
frictions in an explicit model can be presented as a frictionless model with a time-varying
wedge. For example, Beraja et al. (2016), write a model that has a shock to labor supply
in the utility function and a shock to the discount rate to capture types of shocks that have
been commonly cited in the literature as important forces during the Great Recession. With

these shocks, the household problem would involve maximizing

15. The wedge in the interest rate will show up in the Euler equation alongside the investment wedge.
Therefore, there will not be two separate wedges, I will recover just one that it is the sum of the two.
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Eq
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subject to
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where 0, and €; are shocks to the household’s discount factor and the disutility of labor,
respectively, and all the other variables are the same as in the model of section 1.3. Now let
us introduce a friction that will introduce a wedge in this model. A friction commonly used
in the literature are sticky wages. A simple way to illustrate how sticky wages can become
a wedge is by using a wage setting rule in which the wage today depends on a target wage
and the past wage. If we assume that the target wage comes from the first order conditions
of the households, the wedge immediately appears. Suppose that wages are set according to

the following rule:

Wigt = (MRS(Chpy Nigp)) N (Wig—1) 12

where M RS(Cjy, Nit) is the marginal rate of substitution between consumption and
leisure and \ represents the degree of wage stickiness. In particular, when A\ = 1 wages are
fully flexible and correspond to the efficient allocation, and when A = 0 wages are completely
rigid. In general workers will be off their labor supply curves for A < 1. In the case of the

specific model with shocks:16

1 _
Wiy = (Ppye ¥ (Npy ) CT )N Wiy )

In log-linearized form, this could be written as

16. In the case of GHH preferences Wy, = (Pyrert (th)i)’\(Wkt,l)l”\
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1 1
Wyy = (57% + Uckt) + (1= A) (wzt—l =Tkt = gkt Uckt) + Aegt (1.1)

1
The first order condition of the model with wedges is e” “ktWy; = PN &Cgt and in log-

linearized form:

1
—ef) +wyy = gnkt + ocpy (1.2)

The right hand side of (1.2) is equal to the right hand side of (1.1) when wages are perfectly
flexible (A = 1) and there are no shocks (ex; = 0). Sticky wages thus create a wedge in the

first order condition of the model and this wedge is equal to:

1
wedge®" VM = —fl, = (1= X) (thl — Tt — g_bnkt - O'th) + Aegy

In this sense, wedges can be thought of as reduced form for frictions (sticky wages in this

example) and shocks (labor supply shocks in the explicit model).

1.5 Data

1.5.1 Regional Data

One of the main challenges macroeconomic researchers face when studying sub-national
economies is the lack of readily available data for all the aggregate series that a general
equilibrium framework requires. For the United States, a country for which the availability
of data is outstanding in comparison with most other countries, the availability of aggregate
economic time series for different levels of regional aggregation is still precarious. For ex-
ample, state-level time series on consumption were inexistent until August, 2014, when the
Bureau of Economic Analysis (BEA) released prototype statistics on Personal Consumption

Expenditures by State. These series, however, are not independent measures of consumption,
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as some of the data is imputed from employment figures. Another example are price indexes;
the Bureau of Labor Statistics (BLS) does not produce price indexes at the state or county
levels and, even though it does produce price indexes for 27 MSAs, this number of MSAs
clearly does not help increase power in studies using cross-sectional regional variation. Other
time series that are used in macro models such as investment and capital are not available
from official sources at the local level.1

The model above is designed taking into account these data limitations. The result is a
general equilibrium model that we can estimate for different levels of regional aggregation.
The cost is that the model may be simpler than what one could have for a national economy.
To be able to estimate some of the parameters of the model, recover the stochastic processes
and build the wedges I need data on prices, wages, employment, and net assets (see section
1.6) at the regional level. In this paper I construct all the required time series at the state,
MSA and county leves. I am able to construct the endogenous state variables (wages and
net assets) from 2005 to 2014 and the endogenous control variables (prices and employment)

from 2006 through 2014 and thus we can study some of the differences in regional business

cycles during the Great Recession and its aftermath.

1.5.1.1 Wages

In order to get wage measures at the local level I build wage indexes using a similar approach
to Beraja, Hurst, and Ospina (2016). The goal of the wage indexes is to have measures of
wages that 1) are as comparable as possible across regions, and 2) do not vary across regions
and over time due to differences and changes in the composition of the labor force, which
may occur as a result of both long term trends and business cycle fluctuations.

To accomplish this I employ the micro data of the American Community Survey (ACS)

17. Yamarik (2013) produced state-level measures of investment and capital from 1990 through 2007, using
NAICS one-digit industry data to divide up the national capital stock based on the relative income generated
within each state
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available at the Minnesota Population Center (IPUMS-USA, Ruggles et al. (2015))'®. Be-
tween 2005 and 2014, the ACS includes information of about 3 million people per year on
average. For each year I calculate hourly nominal wages for working-age workers, both men
and women, with a strong attachment of the labor force. More specifically, 1 restrict the
sample to people between the ages of 16 and 64, who do not live in group quarters, who
reported earning at least 5,000 dollars the prior year, who where employed at the time of
the survey, who reported working usually at least 30 hours a week, and who worked for at
least 48 weeks during the prior 12 months. Then for each person in the sample I calculate
an hourly wage by dividing annual labor income by a measure of annual hours worked.
In order to have a more uniform wage measure across geographies and better capture
business cycle variation in nominal wages not coming from the composition of the workforce,
which could vary across locations and over time, I adjust the wages by creating a measure
that excludes the effect of observable characteristics. Specifically, I run the following cross-

sectional regression:

Inwig = v + T Xy + ek (1.3)

where Inwj. is the log wage of person 7 in year ¢ who resides in location k (State, MSA or
county) and Xj; is a vector of person/household-specific controls. To be precise, the vector
of controls includes a dummy variable for sex (with female being the omitted group), a set
of three dummy variables for hours usually worked (with “40-49 hours per week” being the
omitted group), a series of nine age dummies (with 740-44” being the omitted group), a set
of four dummies for educational attainment (with “some college” being the omitted group),

three citizenship dummies (with "native born” being the omitted group), and a race dummy

18. The data is available here https://usa.ipums.org/usa/

19. Total labor income during the prior 12 months includes both wage and salary earnings and business
earnings. Total hours worked during the previous 12 months is the product of the total number of weeks
that the respondent worked during the prior 12 months and the respondent’s hours usually worked per week
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(with ”white” being the omitted group). I run these regressions for each year separately to
allow for the possibility that the constant () and the vector of controls (I';;) vary over time.
Having controlled for the set of observables, for each individual I compute wgtclij = Mt itk as

the adjusted wage. Adding the constant to the regression allows the adjusted wage measures

to reflect differences in average log-wages over time. Finally, to compute the adjusted wage

index for a given location k£ I compute weighted averages of w%‘% across individuals in region

k.

With this procedure, I am able to compute wage indexes for 48 states, 234 MSAs and
379 counties. For MSAs and counties these measures of adjusted wages will be noisier.
Figures 1.6, 1.33, 1.34, and on-line appendix figures A6, A7, A8 present the wage indexes
and show first that there was wage dispersion across regions over the business cycles, and that
such dispersion was strongly correlated with local economic conditions. Moreover, appendix
Figure 1.37 shows that the cross-sectional patterns documented by Beraja et al. (2016) for
states, while Appendix Figures 1.38 and 1.39 show that the same strong relationship between
real wage growth and local economic conditions is present for MSAs and counties??. Even
though this does not fully address the concern of measurement error, it does show that the
wages [ measure at a more granular level do capture some of the business cycle characteristics
of the Great Recession.

Another possibility to address the issue of measurement error would be to use data from
the County Business Patterns to measure local wages. In this case, however, the wages could

not be adjusted to account for labor force compositional differences.

1.5.1.2 Employment

I construct measures of labor at the regional level that capture both the extensive and

intensive margin of the employment decision. For a given region, the labor measure is total

20. The relation is even stronger when measured with respect to the unemployment rate
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annual hours worked per person (N) computed as the product of the employment (E) to
population (P) ratio and average annual hours worked per worker (h).2! The employment
(E) measure comes from the Bureau of Labor Statistics (BLS) Local Area Unemployment
Statistics (LAUS) Program, from which I take average annual employment figures (number
of employees) for states, counties, and MSAs.

At the state level the the population variable (P) is the non-institutionalized civilian
population?? aged 16-64, which can be obtained also from the BLS’ LAUS program.23 For
MSAs and counties I rely on the population estimates program for the US Census Bureau
and obtain measures of the resident population®* at the local level. 25

Finally, for hours worked (h) I rely on different datasets depending on the level of ag-
gregation. At the state level, the BLS produces Average Weekly Hours of All Employees in
the Private Sector?0 from the Current Employment Statistics (CES) database Employment,
Hours, and Farnings - State and Metro Area.

These series are available from 2007 through 2014. In order to obtain a consistent measure

of hours for 2006, I use an auxiliary regression based on hours worked information from

the American Community Survey (ACS). With the ACS information I calculate weighted

21. This is standard in the literature, see for example Shimer (2009) or Ohanian and Raffo (2012)
22. See definitions here http://www.bls.gov/cps/eetech_methods.pdf

23. The non-institutionalized civilian population aged 16 and over can be directly found at http://www.
bls.gov/lau/staadata.txt. To obtain the population only up 64 years of age, one can subtract the 65
years and older population found at http://www.bls.gov/lau/\#tables. It is possible also to access
the files directly; for example for 2006 the table can be directly accessed at http://www.bls.gov/lau/
table14full06.x1sx and for 2011 at http://www.bls.gov/lau/table14fullll.xlsx.

24. See definitions here https://www.census.gov/popest/about/terms.html

25. The data for the 2000-2010 period is available here https://www.census.gov/popest/data/
intercensal/county/files/CO-ESTOOINT-AGESEX-5YR.csv whereas the data for the 2010-2014 period can
be found in the Census Fact Finder. I obtain the population for MSAs by adding up the population of the
counties that make up each MSA since the data for MSA is not readily available for the 2000-2009 period.
As a check, for the 2010-2013 period, adding up the county level population to the MSA level yields exactly
the same answer as getting the MSA data directly.

26. These series can be obtained through the identifiers SMUXXYYYYY0500000002, where XX is the
state fips code and YYYYY is the metro area code
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averages of weekly hours worked at the local level and I estimate the following regression

pooling together all years from 2007 to 2014:

k k k k
hBrs: = ok + Bhacsy +vup + ¢

where th LSt are the hours from the BLS in region k in year ¢, ay, is a region k fixed
effect, hﬁlCS,t is the weighted average hours worked in year ¢ in region k and uf is the
unemployment rate?” in year in region k in year ¢. For the hours of ACS, I restrict the
calculations to people with ages 16 to 64 and who worked at least 1 week in the previous 12
months. The regression yields an R-square of 85%. I use the regression to predict the 2006
hours.

At the MSA and county levels I use hours usually worked from the ACS computed as
a weighted average for people aged 16 to 64, who are in the labor force, and worked for at

least 1 week in the previous 12 months.

1.5.1.3 Net Assets

Net asset positions at the local level are not commonly used in the literature. In one of their
seminal papers on the Great Recession, Mian et al. (2013) build zipcode, county and MSA
level net asset positions for 2006 as part of their measure of what they call the housing net
worth shock that hit the economy between 2006 and 2009. Also, Beraja (2015) constructs
a similar variable for the period 2006-2011 at the state level by aggregating MSA-level net
worth data from Mian et al. (2013) and iterating forward the law of motion of assets using
national accounting identities. Ideally one would like to use the data and methodology by
Saez and Zucman (2016) to make a better assignment of wealth, but limited access to the
internal IRS SOI data precludes this possibility. As a result, in this paper I follow closely

Mian et al. (2013) to create a time series of net assets between 2005 and 2014.

27. This variable is also available for all regions in the Local Unemployment Statistics Database
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For the households living in a given region ¢ we can define net assets as Bg = Stock:sg +
Bondsf; + H ousingg — Debt%. The four terms refer to market values and I abstract from
human capital in this definition. To compute the market value of stocks and bonds I use IRS
Statistics of Income (SOI)?® at the county level (which also contains state level information
and can be aggregated to obtain MSA level figures). The IRS reports dividends and income
received by households in a fiscal year by county. We can use these figures to assign the
fraction of financial assets from the Federal Reserve Flow of Funds data to each region.
Under the assumption that the representative household in a region holds the market index
for stocks and bonds, the share of total dividends and total interest going to a region gives
the fraction of financial assets held by the region.2?

To estimate the value of the housing stock I use data from the Census, the American
Community Survey (ACS), and the Population Estimates to build a measure of the housing
stock owned by households using estimates of the number of housing units, homeownership
rates, vacancy rates, and the median house value. Depending on the geographic unit of
analysis I use data on house market prices from the Federal Housing Finance Agency, Zillow
and/or Corelogic, to track changes in the value of the housing stock. Appendix 1.11.4
provides a precise description of the data, sources and computations. Finally, I measure
debt using data from Equifax Predictive Services at the zip code level and aggregating it up
to each local level.30 The Federal Reserve Bank of New York also keeps measures of debt
levels at the state and county levels.3!

Figure 1.8 and on-line appendix figure A15 show that there is dispersion also in changes

28. The data can be downloaded directly from https://www.irs.gov/uac/S0I-Tax-Stats-County-Data

29. The Flow of Funds Data can be downloaded from http://www.federalreserve.gov/datadownload/.
The series for financial assets I use is FL154090005.A

30. The Equifax and Corelogic data were kindly provided by the Fama-Miller Center, http://research.
chicagobooth.edu/famamiller/data

31. The data at the state level can be downloaded from https://www.newyorkfed.org/microeconomics/
data.html. The data at the county level only goes through 2011 and can be requested from the Center for
Microeconomic Data at the New York Fed.
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in net assets at the local level at business cycle frequencies. The fact that those changes are
correlated with employment growth provide some assurance that the measures are meaning-

ful.

1.5.1.4 Prices

I construct regional price indexes using Nielsen’s Retail Scanner Database (RMS). To this
purpose I follow the methodology first outlined in Beraja et al. (2016), who built indexes
for 48 states (Alaska and Hawaii are not part of Nielsen’s data) for the period 2006-2012. I
extend the data through 2014 and build retail price indexes at state, MSA and county levels.
The RMS data is collected by the Nielsen Company and it is available at The University
of Chicago Booth School of Business32. This scanner data contains primarily weekly prices
and sales volume for products sold at about 36 thousand stores around the United States
belonging to about 85 store chains. It is collected at the point of sale through barcode
scanning systems, which reduces data collection errors, and then reported by the stores to
Nielsen. Also, once a participating retailer has agreed to participate, all the stores in the
retail chain are included, reducing potential selection issues.?3

This data is massive, as of 2014 it contains more than 119 billion single observations, but
its structure is relatively simple. The unit of observation is a (product, store) combination.
Products are uniquely identified by a 12-digit number called Universal Product Code (UPC)
that is not specific to the database. Stores are uniquely identified by a database specific code

but the identity of the store is not available as part of the agreement with the participating

stores. An observation consists of the number of units of a UPC sold over a given week

32. The data is made available through the Marketing Data Center at the University of Chicago
Booth School of Business. Information on availability and access to the data can be found at
http://research.chicagobooth.edu/nielsen/

33. According to the data documentation only in rare instances, a retailer may consider a small number
of their stores as confidential and exclude them from the dataset. Also, it is worth mentioning that not all
retailers in the US are part of Nielsen’s database and not all Nielsen’s contributing retailers have agreed to
share their data.
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in a store, the corresponding quantity-weighted average price, and a variable that allows
to compute unit prices in case the products were part of a promotion. The database only
includes items with strictly positive sales in a store-week and excludes certain products such
as random-weight meat, fruits, and vegetables since they do not have a UPC assigned.

In the database there is also information about store environment information, the char-
acteristics of the products, and more importantly for the purpose of this paper about the
location of the stores. The geographic coverage of the RMS database is unparalleled and
stable over time, which allows to build indexes for many locations for the entire period. The
database contains information for 48 states, 361 Metropolitan statistical areas, 895 Metro
and Micropolitan Statical Areas, and more than 2,350 counties (about 75% of all counties
in the US) for each year in the period 2006-2014. Table 1.7 in the appendix presents some
figures that summarize data and give a sense of its size and breadth.

In order to build the price indexes proceed in three stages. In the first stage I aggregate
the data to go from a weekly to monthly frequency. To do this I for each (UPC,Store, Week)-
Month combination I add the quantities over weeks to obtain a total quantity sold in the
month, and then compute quantity-weighted unit prices for the month. With the transformed
data I then follow a a two-stage procedure to construct the price indexes. The procedure is
similar to the one employed by the BLS in constructing the chained CPI (C-CPI) explained
in Cage et al. (2003)34. Nielsen groups the UPCs into approximately 1,100 “categories”
(or modules) that are relatively narrowly defined (e.g. for canned fruit, the categories are
apples, berries, figs, grapes, cherries, plums, oranges among others).

The first stage of the procedure consists of building an index at the category level for a
given geographic unit. I define the good for the price index as a (UPC,Store) combination.
By taking each pair (UPC,Store) as a different good entering the price index I allow the index

to capture unmeasured quality differences across stores and allow the index to capture the

34. A brief description of the two stage procedure in the C-CPI can be found here
http://www.bls.gov/cpi/cpisupqa.htm
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store-switching behavior documented by Coibion et al. (2015), who show that an important
feature over the business cycle is that households substitute from high cost to low cost stores
and as a result prices may change. In order to aggregate the individual monthly prices into

a category-level price index I use the following chained Laspeyres price index formula:

> ic(jr) Pitdiy

PLJ’ _ PL,r /
Zie(jm) Pit—19iy

jvt j7t_1

(1.4)

with {t,t — 1} € y + 1 for all months except for ¢t = January and with t € y + 1 and
t —1 € y when t = January, where ijt’r is the time ¢ chained Laspeyres index for category
J in region 7, p; ; is the price at time ¢ of good i, g; is the average monthly quantity sold
of good 7 in the base year y. Notice that the basket at this level of aggregation is fixed for
a year. This has the effect of shutting down the possibility of substitution within categories
but solves other technical problems in the construction of price indexes with scanner data
(see Dube et al (2016)). The basket is, however, updated every year.

In the second stage I aggregate the regional category-level price indexes into regional
indexes. Like the BLS, in this stage I use the Tornqvist aggregation formula, an index
formula that as part of the family of superlative index formulas better approximates the cost
of living and better captures substitution. The inputs are the category-level prices and the

total expenditures of each category. For each region I compute:

st yst—l
N Lr\ 22
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where Sﬁﬂ” is the share of expenditure of category j in month ¢ in region r. I calculate the
shares using total expenditure in each category each month, even though for the category-
level indexes (from the first stage) some goods were not included due to missing data. In
other words, the weight of a category in the final index is not affected by the fact that

the indexes in the first stage imposed some restrictions on what (UPC,Store) combinations
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entered the basket. Notice this chained index updates the shares every month, accounting
for substitution across categories.

With this methodology and this data I am able to construct indexes for 48 states, 895
Metro and Micropolitan Statistical Areas, and 2,266 counties. Figures 1.7, 1.35, 1.36, and
on-line appendix figures A9, A10, A11 present the price index and show first that there was
price dispersion across regions over the business cycles, and that such dispersion was slightly,

but positively correlated with employment growth.

1.5.1.5 Consumption

Data on consumption is only available at the state level through the Bureau of Economic
Analysis (BEA). This data was released in late 2014 and corresponds to the Personal Con-
sumption Expenditures data. The definitions in the data at the state level are identical to
those of the Aggregate US Economy, and the data is produced in a way that the state level
data adds up to the national level data. Following Karabarbounis (2014b) consumption is
defined as the sum of real expenditures on non-durables and real expenditures on services.
These two categories are clearly defined in the BEA data. Figure 1.5 and on-line appendix
figure A5 show the correlation between employment and consumption at the state level. The

positive correlation is expected and is reassuring of the quality of the data.

1.5.2  Aggregate Data

Unlike regional data, aggregate data is relatively simple to obtain and goes back in time
several years. 1 employ aggregate data from 1975 through 2014. In order to estimate the
aggregate exogenous process of the model I only need three aggregate time series: wages
(w), a measure of labor (n), and prices (p). In general, to the possible extent the aggregate
series should be consistent with the regional series. As explained in section 1.6, I will write

the regional model in deviations from the aggregate, a transformation that makes the model
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for the regions independent from each other and simplifies the estimation procedure. The
data needs to be transformed in the same way and thus the requirement on the consistency
of the data. This will impose some restrictions on the aggregate data that I can use.

Let us begin by describing the data that I use for wages. Wages provide a good example
of the consistency that one wants to have between the regional and the aggregate data.
The American Community Survey used to create regional wage indexes only goes back to
2001. In order to increase the number of observations for estimation purposes, I use the
March Supplement of the Current Population Survey (CPS) from IPUMS?, which allows
for wage index construction going back to 1975. I construct the indexes by performing the
same procedure as for the regional wages, using exactly the same econometric specification
of equation (1.3). The controls and restrictions on the data (including age, individuals not
living in group quarters and strong attachment to the labor force) are also the same as for the
regional wages in order to make the aggregate and regional wages as consistent as possible.

The construction of these indexes differs from the one that uses the ACS in three main
aspects. (1) The timing of the information. While the ACS surveys people every month
about their earnings over the previous 12 months, the CPS asks specifically for the earnings
over the previous calendar year. Therefore, to adjust for this timing issue, I lag the wage
indexes by one year with respect to the survey year; the CPS data available from 1976
through 2015 can be used to produce wage indexes from 1975 through 2014. (2) Citizenship
controls. The regression for the CPS does not include citizenship dummies in the regression
since citizenship is not consistently measured over the sample period.36(3) The estimation
is not made year by year but by pooling years together in three time periods, 1975-1995,
1996-2000, and 2000-2014. There are a couple of reasons for these choices. First, to increase

power particularly in the early years of the sample. Second, to adjust for changes in the

35. The CPS data (Flood et al. (2015)) is available at https://cps.ipums.org/cps/

36. A specification using citizen dummies produces very similar indexes. However, I use the index that
does not control for citizenship to avoid introducing measurement noise
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survey: in 1995 the CPS earnings questions used to compute wages changed, and in 2000
the sample was expanded.3” Beraja et al. (2016) show that the index constructed in this
way using the CPS, have a correlation with the aggregate index constructed using the ACS
and the 2000 Census of 0.99 for the period 2000-2012, which gives the required reassurance
about the comparability between the regional and the aggregate information.

The aggregate measure for labor, in agreement with the regional measures, captures
both the intensive and the extensive margin. The intensive margin is captured by a measure
of hours worked per person (h). I use the average weekly hours of all employees in the
private sector®8 from the database Employment, Hours, and FEarnings - National of the
BLS’ Current Employment Statistics (CES) program. I use this series because it is the
the exact same counterpart at the regional level for states. Since this series only starts in
2006, in order to use as much data as possible for the estimation of the model I will extend
it going back to 1975 using as index the variable average weekly hours of production and
non-supervisory employees in the private sector.39 T use this variable as index and not other
alternatives (for example measures from the Major Sector Productivity Program40) because
its changes after 2006 track almost exactly the changes in the chosen series.

This data is similar but not exactly the same as what is used in other studies. The alter-
natives are presented in Karabarbounis (2014b) who uses four different measures of aggregate
hours worked in his study of the labor wedge. The first measure, the closest to the one used

in this paper, is an index of aggregate weekly hours of production and non-supervisory em-

ployees?! available also in the CES database of the BLS. I do not use this measure that

37. Not pooling results in an index that has a correlation with the one I use of 89% in log changes and
99% in levels

38. Specifically, the variable I use has series ID CEU0500000002

39. The series ID of this variable is CEU0500000007 and goes back to 1964. This is the per employee per
week counterpart of the series CES0500000034 used by Karabarbounis (2014b).

40. Series PRS84006023 and PRS85006023 provide measures of average weekly hours worked for the busi-
ness and non-farm business sector

41. The reference of this BLS Series is CES0500000034
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already incorporates the extensive margin because it is not available at the local level. A
second measure comes from Cociuba et al. (2012) who use the Current Population Survey to
estimate total hours worked in the United States and hours worked per person aged 16 to 64
and add the hours worked by military personnel. For the purposes of this study the inclusion
of military personnel at the aggregate level would call for the same adjustment at the local
level. Even if this adjustment is possible, the local differences in military population will
create differences across regions that are not coming from business cycle fluctuations, which
we want to abstract from. The other two measures use the BLS” Major Sector Productivity
Program42, which produces productivity measures for the U.S. business, non-farm business,
and manufacturing sectors. However these sector-based variables are not available at the
local level, and therefore I do not use them at the aggregate level.*

In order to capture the extensive margin, I complement the hours per worker (h) with
employment figures (F) produced by the BLS based on the Current Population Survey,
and with data on the civilian non-institutionalized population (P) aged 16 and over upon
which the employment statistics are based.** The data for non-institutionalized civilian
population aged 16 to 64 can be obtained by subtracting the 65 and over population also

from the BLS.4546

42. The exact name of the database is called Major Sector Productivity and Costs

43. One of these measures is an index of total hours worked in the business sector (BLS Series ID is
PRS84006033), and the other one is a per-worker measure used by Ohanian and Raffo (2012).

44. The data is available here http://www.bls.gov/cps/cpsaatOl.htm,

45. To get access to the two series go to http://data.bls.gov/cgi-bin/srgate and obtain the civilian
non-institutionalized population 65 and over through the Series ID LNU00000097 and the 16 and over
population through the Series ID LNU00000000. For resident population the data can be obtained here
https://www.census.gov/popest/data/historical/index.html by adding up state-level population from
the US Census Population Estimates Program. National data on resident population by age are not available
for the 1980s, and for years prior to 1980 it includes military personnel, thus the need to get it from State-level
data

46. Other specifications of the variables are possible. For example Beraja et al. (2016) build wage indexes
only for prime age (25-56) males, and consequently they use the employment population ratio of this group.
For different sex-age specifications the employment population ratios are available from the BLS and the
OECD. From the BLS, series LNS12300000 and LNS12300001 directly provide the employment rate for all
people and men aged 16 and over respectively. The St. Louis Federal Reserve Bank provides the OECD
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Finally, for prices I use the Consumer Price Index (CPI) from the All Urban Consumers
Database of the BLS.47 Ideally one would like to use the chained version of the CPI but
it is only available from 1999, so we use the fixed base index. Since the price indexes at
the local level have a large food component, which is the result of having built them using
scanner data mostly from supermarkets, the food component of the CPI is the one that
is better tracked by the aggregate index that results from the aggregation of the regional
price indexes. The CPI and the CPI food have tracked each other almost identically since
1975 exhibiting almost the same long run inflation. However during the Great Recession
food prices had larger increases than other prices (for example housing-related prices). As a
robustness check, in order to minimize differences between the data I use for the aggregate
and the data I use for the regions, I also estimate the model using the CPI up to 2006 and
complementing it with the food component?® from 2006 onwards. The results are almost

identical.

1.6 Model Estimation

The goal of this section is to explain how I estimate the parameters required to recover the
wedges and perform the business cycle accounting exercise. For the the reader familiar with
the business cycle accounting literature, I follow as guideline the procedure outlined in the
seminal paper by Chari, Kehoe, and McGrattan (2007a) and adapt it to the class of models to
which the model of section 1.3 belongs. As in Chari et al. (2007a) I assume that the wedges

follow an AR(1) process in which the are allowed to be correlated contemporaneously an

series for other population groups (for example 15-64 and 25-56 by sex). For example, for prime age workers
the series has ID LREM25TTUSM156N and is available here https://research.stlouisfed.org/fred2/
series/LREM25TTUSM156N

47. Specifically I use the variable with BLS ID CUURO000SAOQ.
48. This variable has BLS ID SUUROO00SAF.
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over time.* Further, I allow for the wedges to have an aggregate component and a local
(island-specific) component, and assume that the island specific component sums to zero in

all periods:

i 2302 2 = PP ol o, | B [ ] 4B [ o v )
(1.6)
with 3 vl = Sk 0% = Lk w0 = 1k KV = 0

The first step is to log-linearize the economy. I do so around a constant price and wage
inflation steady state. In terms of notation, variables in lower case represent log-deviations
from the steady state. So, for example, ny; = log(Ny;/N}.) is the log-deviation of employment
at time t is island k from its steady state value. I denote aggregate variables by removing the
subscript k, and they are the result of taking averages across islands. For example, aggregate
employment is given by ny = > . %nkt).

Under some assumptions this log-linearized economy has two properties that will prove
useful to facilitate estimation. Below, in section 1.6.1, I discuss the consequences of moving
away from these assumptions and how one can go about doing the estimation. The first
assumption is that the islands are identical in steady state. The second assumption is that
the model parameters in the utility and production functions as well as the parameters of
the process driving the wedges are the same across islands. Finally the third assumption is
that the joint distribution of island-specific shocks that drive the stochastic processes is such
that its cross-sectional sum is zero. From these assumptions the log-linearized economy has

the following two properties:

1. The economy aggregates: by taking averages across the log-linearized equations for the

49. Like in Chari et al. (2007a) the assumption here is that the state-vector, call it s;, follows an AR(1)
process and that the wedges in period ¢ can be used to uncover the event s; uniquely, in the sense that the
mapping from the event s; to the wedges is one to one and onto. Thus, given these assumptions, here I write
directly the process for the wedges
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islands we get an aggregate economy that we can write in terms of wage inflation ("),
the real wage (w"), and employment (n¢), has only a final goods sector, and only three
exogenous processes for the wedges (74, 2, €f’) with 2’ = zf Y4 pz“. The evolution

of the aggregate economy is characterized by the following equations

0 =Ey; [mugy1 — mug — w1 — 1] + el (] + @y (Wi +ng —y*) - (1.7)

muy = —oC(wi + ny) (1.8)
w )\ w 1 r r
=T\ T o + o(wp +ne) — wy (1.9)
wi =—(1—(a+68))n + 2 (1.10)
i1 = my — (wiyy —wi) (1.11)
y* =zt + nef (1.12)
A—1

2. In deviations from aggregate variables, the economy of the islands behaves like small
open economies where the interest rate and the price of intermediates are equal to
their steady state values. Denoting the log deviation of island’s k variable x from the
aggregate at time ¢t by T; = xp; — x¢, for a given island the evolution of the economy

is characterized by the following equations
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g = —oC (W — pr + 7} (1.14)
Wy = Y — (1 —0) i (1.15)
wy = A (pt +eé + % (waﬁt + %ﬁf) + o (W — pr + nf{)) + (1 =N w1 (1.16)
b= (1+7)b_1 + % (Af — i) (1.17)
W =pr— (1= (a+0B) A — B(1—0) (Af —a}) + 2 + Bz (1.18)

A—1

Here I have assumed that in linearized form the interest rate rule is i1 = @rE¢[ms1] +
oy(yt — vi) + w1 where m; is the aggregate inflation rate and y; — yf is the output gap,
defined as the difference between actual output and the flexible wage equilibrium output for
the same realization of shocks. These properties are not new”?, and they are stated formally
and proved in Appendix 1.11.1 only for completeness. They are useful for two reasons. First,
they allow to use aggregate data that goes back to the 1970s to help estimate the parameters
of process 1.6. Second, they allow to easily separate the regional component of the wedges
as the regional economies behave like independent small open economies.

With the log-linearized economies, I obtain the models’ decision rules using the method of
undetermined coefficients as in Uhlig (1995), so that the endogenous variables are expressed
as a function of the exogenous state variables (the wedges). Online Appendices 1.12.3 and
1.12.4 provide the solution for the regional and aggregate models respectively. The next step
is to estimate the parameters of process 1.6. As in Chari et al. (2007a), I set the parameters

of preferences, production functions, and interest rate rule to values commonly used in the

50. These properties were first proved in Beraja et al. (2016)
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literature or that I can compute from data®!, and I estimate the parameters of the stochastic
process for the states by MLE via Kalman Filter where the hidden states are the wedges.
Table 1.1 contains the parameters I use and the moment in the data they target. To this
end, it is convenient to express both the aggregate and the regional models in their state

space form. For the aggregate model the state-space representation is:

W, &) = A V1,21 e‘f_ﬂ/ +B [uz, ug, uﬂ/ (Aggregate State Equation)

(7wl ng) = QY 2, &) (Aggregate Observation Equation)

where () is a matrix that depends on the parameters of the model and matrix A and it is
the result of applying the method of undetermined coefficients. For the regional model the

state-space form is given by

~ ~YW  ~ / T |~ ~YW  ~ ! ~ /
[7%0,2%/ ,zf‘*’,é‘g’} =A [7?—1,23_1@?517520—1} +B [vZﬁvit,v/fwiJ
(Regional State Equation)
. I . -
(0, be, e | = Pl b + QU 3, 5, &)

(Regional Observation Equation)

where P and Q are the result of applying the method of undetermined coefficients to the
regional model.

The objective is to estimate parameters fl, B, A and B using aggregate data from 1978
through 2014 and regional data from 2005 through 2014. Given the aggregation properties of

this economy, appendix 1.11.2 shows the relation between A, A, and P. For given parameters

51. Since the data is annual and for the regions there are only 9 years of data, I do not attempt to estimate
all parameters.
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A,B, A and B, I apply the Kalman filter and compute the likelihood for the aggregate
economy and for each of the islands, and finally compute a total likelihood weighting each
island and the aggregate economy by their population in 2006°2. The weighting aims at
reducing the impact of measurement error, under the assumption that variables are better
measured for larger regions than for smaller regions. The MLE procedure looks for the values
of s A, B, A and B, that maximize the likelihood of observing the data. In the estimation I
allow for measurement error in the observation equation. The results are unchanged if I do

not allow for measurement error.?>

1.6.1 A discussion on heterogeneity

So far I have made the assumption that islands are ex-ante identical and that they may
potentially differ in the shocks that hit them and drive their wedges. This assumption may
be too strong and limits the ability to make conclusions about regional heterogeneity and its
consequences for business cycles. What would entail to move away from this assumption?
The main consequence of assuming that the islands are identical is that their model-
implied response to shocks is the same. This is, given a shock, all islands will have the same
response, which precludes the possibility of studying the differential effect of an aggregate
shock on the regions. The easiest way to see this is by looking at the state-space represen-
tations above. The elements of matrices P, @, and @ are functions of the parameters in
the utility and productions functions, and in the case of Q and Q are also functions of the
parameters of process (1.6). These matrices will be identical across islands. One possibility
to move away from this is to allow the parameters of the stochastic process (1.6) driving
the wedges to vary across islands. However, this alternative is problematic as the length

of the time series data for local economies is too short for the number of parameters to be

52. The log-likelihood is given by Liotar = popige’ X Lagg + 5, popi’®® X Ly,

53. In Chari et al. (2006), which is the appendix to Chari et al. (2007a), the authors set the measurement
error values to be zero for all their experiments.
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estimated. In fact, the assumption that these parameters are the same across islands is what
allows me to use the cross-region data alongside the aggregate data to estimate them.
Another possibility is to allow for some of the parameters either in the utility function or in
the production functions to be different across regions. In the preferences, the parameters are
the intertemporal elasticity of substitution (o) and the Frisch elasticity of labor supply (¢).
The measures of these two parameters vary greatly in the literature and have been subject of
detailed studies. For example, in the case of o while Hall (1988) does not find strong evidence
of it being positive, Eichenbaum et al. (1988) obtain estimates as high as 10 depending on
the data used. In the case of ¢ the measurement discussion in the literature is extensive.
For instance, Rogerson and Wallenius (2009) compare micro and macro elasticities and find
that the macro estimates are orders of magnitudes larger than the micro estimates, and the
ranges of the estimates are also large. Providing a regional measure of these parameters is
a hard task beyond the scope of this paper; differential measures of these parameters across
regions may be as controversial as the assumption that they are the same. A more promising
way to introduce heterogeneity would be through the parameters of the production function.
In particular, using data on state-level GDP and compensation of employees, one could
compute state-level measures of the labor share to parameterize the production functions for

the final good in each state. I explore this option in the sections below.

1.7 Business Cycle Accounting Exercise

In this section I conduct the business cycle accounting exercise and analysis at the state
level for the Great Recession. The purpose is threefold. First, for each state I aim to
identify the wedge, if any, that plays a more prominent role in accounting for the relative
behavior of employment and consumption. The result of this will point at the types of
frictions and shocks that promising models should include to explain the relative business

cycle fluctuations of an individual state. This is the use that the literature has made of
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business cycle accounting for national economies. Second, I seek to gauge the extent to
which wedges driving the differences across regions for a given variable (consumption or
employment) tend to be the same. From a model building perspective this will give a
guideline of how complex a model needs to be to capture the variation in real variables
across regions. This will accomplish one of the main goals of this paper: help build models
that can use cross-region variation and regional data to learn about the shocks that drive
aggregate business cycles.

Third, I present different ways of gauging systematically the relevance of the different
wedges in accounting for the fluctuations that we see in the data. The business cycle literature
has developed a useful summary statistic to measure the importance of wedges. However,
there are a number of reasons that prevent me from relying solely on the developed metric
to reach the conclusions for the context of this paper. One reason is that so far there is not
one single statistic that has been shown to measure precisely the importance of wedges. As
suggested inBrinca et al. (2016), the assessment should be done in different ways. Another
reason, is that the proposed statistic may not be as informative when taken in isolation for
local economies as they are for national economies due to two issues. The first of these
issues is that for regions within the United States the data can be constructed only at
annual frequencies, which will make the statistic more imprecise for local economies than
for national economies: while I can compute the statistic using only 9 data points for each
region, Brinca et al. (2016) can use about 36 data points for each country as the data for
national economies can be generally constructed at quarterly frequencies. The second issue
is that the statistic will be more informative if all the wedges move the variables in the same
direction. This is generally not the case, and more so when the accounting exercise for a
given region is conducted in deviations from the aggregate economy.

Here I focus on results at the state level of geographic aggregation. States provide more

flexibility in terms of the data available to them. In particular, consumption data at the
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local level is hard to obtain. As the model is written in section 1.6, its estimation does
not require consumption data, and therefore the accounting exercise can be performed for
MSAs and counties with the data from section 1.5. Researchers using models to study
shocks from county or MSA variation can guide their modeling choices using the accounting
methodology with prices, net assets, wages, and employment. For states, however, one
can use consumption data. This provides the opportunity of comparing the results for the
economy composed by regions to the results that have been obtained in the literature using
aggregated models and aggregate data.

It is worth reminding the reader that the business cycle accounting exercise of this section
is performed using only the regional model to focus on the differences across regions. This
means that the wedges will account for movements in the variables of the model expressed
in deviations from the aggregate value of the variable. In order to explain how the analysis
is conducted 1 use four states as examples: California, Nevada, New York, and Tennessee.

Figure 1.9 shows the absolute and relative performance of California over the business
cycle for employment, real per-capita consumption, and real per-capita output. Panel A
shows the cyclical component of the three variables relative to 2007. From peak to trough
these variables decreased by about 5 percentage points. Panel B shows the performance of
California relative to the aggregate, normalizing all variables to zero in 2007. Relative to
the aggregate economy California had bigger declines in all three variables, so its relative
position worsened between 2007 and 2010. The accounting exercise is related to this relative
position and its objective, as explained by Brinca et al. (2016), is to isolate the marginal
effects of the wedges.

To accomplish this objective, one must proceed in two steps. The first step consists of
using the decision rules from the model (see Regional Observation Equation) to recover the
wedges by solving for the wedges on the right hand side, plugging in the data on the left hand

side, and inverting the matrix (). By construction, the wedges account for the data. In the
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case of California, for example, the data will enter as in panel B of Figure 1.9. The second
step is to use again the decision rules in which one feeds the wedges back into the model
one at a time (or in groups) while setting the other wedges to constants. This will produce
again a sequence of employment and consumption, which in the case of this paper will be
a sequence of employment and consumption in deviations from the aggregate economy. If
the wedge being fed back into the model is the labor wedge, for example, the sequence of
employment and consumption is referred to as the labor wedge component of employment
and the labor wedge component of consumption, respectively. Here it is important to notice
the following. The labor wedge component of employment represents how much employment
would fluctuate if the only wedge that fluctuated was the labor wedge and the probability
distribution of the labor wedge was the same as in the benchmark economy. This is achieved
by holding the other wedges at constant. Since the wedges are correlated, by holding a
wedge constant the the direct effect of the wedge is eliminated by its forecasting effect on
other wedges is maintained. This guarantees that the expectations of the wedge (or wedges)

5 For a formal, detailed explanation of

are identical to those of the benchmark economy.
this, see the seminal paper by Chari et al. (2007a) and the follow-up paper by Brinca et al.
(2016).

Figure 1.10 shows the evolution of employment for California in deviations from the ag-
gregate and the contribution of each wedge to it. Each line represents a one-wedge economy.
From employment perspective, this exercise suggests that the degree to which the economy in
California differed from the aggregate economy was driven mainly by the intermediate wedge
and to a lesser degree by the productivity wedge. Figure 1.11 performs the decomposition

for consumption, showing that the intertemporal wedge, which is the distorsion in the Euler

Equation, tracks very closely the actual evolution of consumption, while the other wedges do

54. In this discussion I have followed very closely Brinca et al. (2016). The reason is that the business
cycle accounting methodology has been subject to a number of misconceptions and precision in the language
is in order.
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not. This results suggests that a model with frictions/shocks generating fluctuations in two
wedges, would be needed to produce the relative performance of California in consumption
and employment that we see in the data.

The main question that this paper aims to answer is how similar are the different regions
in the terms of this decomposition. How similar is California to the rest of the states? Let’s
take Nevada, a state that was the worst performer during the Great Recession. Panel A
of Figure 1.12 shows that Nevada’s employment moved 11 percentage points downwards
from the peak of the recession through the trough while consumption fell by more than 4.5
percentage points. Panel B shows than the relative performance of Nevada was exceptionally
poor, and that even by 2014, it had not recovered in these relative terms. Figure 1.13 shows
the employment decomposition by contribution of each individual wedge. In this case it is
the labor wedge the wedge that contributes the most to the relative evolution of employment.
While the wedge responsible for employment is different from California’s, the wedge that
better accounts for the fluctuations of consumption is the same, the intertemporal wedge, as
shown in Figure 1.14. Does taking a relatively good performer change the conclusion? Taking
New York, and avoiding Texas or North Dakota due to their close links to the oil industry,
one can see a much milder Great Recession in this state with only a 3 to 4 percentage-point
peak-trough decline in employment, consumption and output as shown in Panel A of Figure
1.15. Panel B of the same figure shows that relative to the average state, New York did well,
the opposite of Nevada and California. Despite this difference, figures 1.16 and 1.17 show
that, like Nevada, New York had a recession with relative employment being driven primarily
by the labor wedge and relative consumption largely explained by the intertemporal wedge.
Thus, to explain the differential behavior of employment in New York and Nevada vis-a-vis
the national average, models with frictions driving the labor wedge would be most promising,
while for consumption models with fluctuations in the intertemporal wedge would be better.

So far the results suggest some common traits in business cycles across regions but also
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differences. In order to assess systematically the importance of different wedges some sum-
mary statistics have been suggested in the business cycle accounting literature. One of those
statistics, referred to in the literature as the ¢-statistic, aims to measure how closely a par-
ticular component of a variable, say, the intertemporal wedge component of employment,
tracks the realized value of employment in deviations from the aggregate. For notation pur-
poses I rename the statistic here as the the 1-statistic to avoid confusion with the parameter
I use for labor supply elasticity. For each variable of interest in the model (employment and
consumption) one can compute such statistic. For employment, for example, the -statistic

is given by

W = 1/ >4 (ne — nwt)Q
55 (1721 (e =)

where n; is the component of employment due to wedge w = {7, 2%’ W ozIw ew

g

I compute this statistic for the period 2007-2011 and 2007-2014 for all wedges individually,
and for some groups of wedges. I only report the statistic for 2007-2014 as they show
essentially the same patterns, but the 2007-2014 is computed with more data points. Figure
1.18, shows that for 60% of the states the labor wedge by itself accounts for more than
50% of the movements in employment. The productivity wedge it is important only for
California and Washington. For only 7 states, the labor wedge accounts for less than 20%
of the movements in output. The different colors and signs in the scatter plot are meant to
reflect this classification. A number of states are labeled as no leading wedge, since no wedge
accounts for a notably large fraction of the fluctuations using the statistic. Since the statistic
is not computed with many data points, I do not fully rely on just one measure to assess
the importance of a given wedge. Figure 1.19 presents the 1-statistic for an economy with
more than one wedge. The x-axis shows the -statistic for an economy with no productivity
wedges, it is a two wedge economy, mainly driven by the labor wedge. The y-axis shows

the contribution of three wedges without the labor wedge. For only 6 states, an economy
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without the labor wedge accounts for more than 50% of fluctuations in employment. Table
1.2 reports the exact values of the statistic for each state; the last two columns correspond
to the multiple-wedge economies.

A state like Tennessee (TN) provides a good example of why I do not rely fully on
the v-statistic to assess the most important wedge for a given state. As shown in figure
1.20, the labor wedge component tracks the fluctuations of employment quite well but as
shown in Figure 1.18, from the measure of the 1-statistic the labor wedge did not seem as
important. As this example shows, the time series plots for the different states provide a
way to help gauge the importance of a given wedge. Figures 1.10, 1.13, 1.16, show also that
contrasting the change in the data from from peak (2007) to trough (2010) to the change in
each of the components also provides information to value the significance of a given wedge
in accounting for the movement in the underlying variable during the downturn. Table 1.3
reports for each state the trough year and the change in employment (in deviations from
the aggregate) and each of its components between 2007 and 2010 (which is the trough year
for the aggregate). In general these measures provide the same message as the 1)-statistic.
In the last two columns of this table I combine the information from the first columns of
the table, the 1)-statistic, and the time series decomposition of employment for each state,
and classify each state by the wedge that seemed to have the most influence during the
downturn (column “Peak-trough Wedge”) and by the wedge that seemed to have the most
influence during the entire period 2007-2014 (column “2007-2014 Wedge”). Whenever there
are two wedges mentioned, the one that appears first is judged to be the primary wedge.
The evidence suggests that the labor wedge was the main driver of differences in employment
fluctuations across states, with 37 states having the labor wedge as the peak-trough wedge
and 40 states having the labor wedge as the main driver of fluctuations between 2007-2014.

Turning to consumption, the pattern is stronger. Figure 1.21 shows that two wedges, the

intertemporal wedge and the productivity wedge account for more than two thirds of the
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movements in relative consumption for all but six states. This is highlighted in the figure
through the the downward-sloping lines, which represent combinations for which the sum of
the producitivity and intertemporal wedge components is 67% and 90%. More remarkable is
the fact that the intertemporal wedge by itself accounts for more than 40% of consumption
for about 34 states. Figure 1.22 highlights the importance of the intertemporal wedge.
This figure shows the -statistic for two three-wedge economies, one economy without the
intertemporal wedge (on the y-axis) that I refer to as the productivity wedge economy as it is
mainly driven by the productivity wedge, and one economy without the productivity wedge
(on the x-axis) that I refer to as the interteporal wedge economy as it is primarily driven by
the intertemporal wedge. For the majority of states (31 out of 48), the three-wedge economy
that does not contain the intertemporal wedge is unable to account for more than 50% of
the movements in relative consumption. Table 1.4 reports the exact values of the statistic
for each state; the last two columns correspond to the multiple-wedge economies.

In Table 1.5 I report the changes in consumption and its wedge components from peak to
trough (2007-2010). As with employment, changes in the components tell a similar story as
the 1-statistic, suggesting a primary role for the intertemporal wedge during the downturn.
Using this information, the v-statistic, and the time series decomposition of consumption
for each state, I perform the classification of each state by the wedge driving its consumption
with respect to the aggregate. The last two columns contain the classification. During the
downturn (column “Peak-trough Wedge”) the intertemporal wedge played a prominent role
for 37 states and a secondary, but important role for another 5 states. Similarly, for the
entire time period (column “2007-2014 Wedge”) the intertemporal wedge was key for 35
states, and it was important for another 5 states.

The metrics that I have used up to here are not perfect. In fact, the literature has
not developed a single statistic that allows one to make a definite assessment about the

importance of different wedges in producing the fluctuations in the data and to summarize
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the results. In on-line appendix section 1.12.2, I present three alternative metrics for both
employment and consumption and also for different values of parameters. These different
ways of gauging the role of each wedge in accounting for the business cycle fluctuations of
employment and consumption lead all to the same conclusion.

In sum, this business cycle accounting exercise shows a great degree of commonality across
regions in terms of the shocks and frictions that drove the relative behavior of employment
and consumption during the Great Recession. The results indicate that models that produce
fluctuations in the labor wedge will be able to account for a large fraction of the cross-
sectional employment, while models that produce fluctuations in the intertemporal wedge
will be able to account for a large fraction of the cross-regional consumption. Overall, even
though there is evidence from previous studies (for example Ohanian (2010) and Brinca
et al. (2016)) that the Great Recession for the United States was a labor wedge driven cycle,
the evidence from this exercise suggests that one wedge is not enough to account for the
differences in both employment and consumption across regions. The good news, however,
is that the fact that the same wedge tends to be important for all regions indicates that in
principle one does not need multiple types of frictions and shocks in a model to capture the

cross-regional variation.

1.8 Sensitivity of Results

In this section I perform some changes to the baseline specification in order to explore if the
main results change. As explained in section 1.7, determining the most important wedge
driving fluctuations at the local level is not a task that can be done through just one statistic.
The reason is that the frequency of the data is not high enough to produce statistics (like
the 1-statistic) that by themselves give a definite, reliable answer. In this section, however, I
do not perform a thorough classification of states by the wedges that drive their fluctuations

as I did in the previous section. Instead and despite its limitations, I rely on the 1-statistic
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to assess if the same broad patterns persist as I make changes. The reason is that for the
question in this paper it is more important to gauge the degree to which regions look similar
among each other in terms of the main wedges and if the main wedges are generally the
same across specifications, than to actually determine whether a specific state experienced
a “labor wedge recession” or to measure precisely the contribution of a given wedge.

I explore the effects of three types of changes 1) Change in the value of parameters of the
utility function ¢ and o; 2) Change in the functional form of the preferences; 3) Change in
some of the data that goes into the model to address the concerns of measurement error. For
each of these changes, I re-estimate the parameters governing the evolution of the wedges
using the same procedure described in section 1.6 to get maximum likelihood estimates for
every case.”® Then I recover the wedges and perform the decompositions as explained in
section 1.7.

Figures 1.23, 1.24 show the labor and consumption decompositions for a value of the
elasticity of labor supply parameter ¢ = 1, while Figures 1.25, 1.26 do it for ¢ = 4. The
general result does not change from the baseline specification (¢ = 2), the labor wedge plays
a primary role for employment while the intertemporal wedge does it for consumption. A
more elastic labor supply elasticity gives relative more importance to the labor wedge for
employment. Figures 1.27, 1.28 vary the elasticity of substitution, changing it from ¢ = 2
(the baseline number) to ¢ = 1. This will reduce the impact in the first order condition of
the wealth effect represented by the fall in consumption, leading to a less important role of
the labor wedge for employment; however the wedge still preserves its leading role. In this
case the intertemporal wedge play an even bigger role for consumption. Appendix figures
A1, A2 perform the exercise for ¢ = 4. In this case the intertemporal wedge does not play

such an important role for consumption; a value of ¢ = 1 restores the importance of the

55. It is worth noting that each re-estimation is a computationally demanding exercise as I start the
estimation for each case in thousands of different points to increase the probability of achieving the optimum
every time.
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intertemporal wedge in this case as shown in appendix figures A3, A4. Overall, for these
variation in the parameters the results seem not to change much: the labor wedge plays a
leading role in accounting for fluctuations in employment for the majority of states while the
intertemporal wedge does it for consumption.

The wedges that we recover also depend on the functional forms of the utility and produc-
tion functions. I explore the effect of changing to GHH preferences, not allowing for wealth
effects in the labor decision of the households. Specifically, the functional form changes to

1+¢
Eq i e Pkt (Cht — %thd) )
t=0

l—0
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This change will produce a different set of decision rules from the model. The on-line
appendix makes also the derivations for this case. With the new decision rules I perform
the business cycle accounting exercise using the same parameters as for the baseline case®®
Figures 1.29 and 1.30 present the results of the decomposition of employment. The results
are different in this case than when one allows for wealth effects. In this case both the
productivity and the intermediate wedge become the main wedges at the expense of the
labor wedge. The assumption about income effects is clearly not innocuous. In the recession
as consumption falls, there is a negative wealth effect that pushes people to work more, if we
do not see this in the data the labor wedge increases further. Figure 1.3 shows that income
and consumption fell sharply during the recession, with their cyclical components falling up
8.5 and 4.5 percentage points respectively for some states during the period 2007-2010. There
is ample evidence that wealth effects were operational during the recession, mainly through

falling house prices. Given this evidence I prefer not to use GHH as baseline. Figures 1.31

and 1.32 complete the analysis for consumption. In the case of consumption conclusions do

56. I change the technical parameter ®; from 0.01 to 100, otherwise the model produces labor and in-
tertemporal wedge components that are too large.
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not change, the intertemporal wedge plays an even more important role in accounting for
movements in consumption.

A common conclusion across all specifications is that there is not one single wedge that
can be identified as the primary driver of fluctuations of consumption and employment.
From regional variation, explaining fluctuations in real variables require shocks and frictions
that work through two wedges; the labor wedge looks unable to play the primary role that it

plays when a business cycle accounting exercise is performed for the aggregate US economy.

1.9 Discussion and Conclusions

During the Great Recession there was large regional heterogeneity in the behavior of eco-
nomic variables like employment and consumption. In this paper I have set out to identify
the types of shocks and frictions that may have produced such cross-regional variation by
pursuing a business cycle accounting approach. To accomplish this goal I have extended the
business cycle accounting methodology to allow for the study of regional data through the
lenses of a model of a monetary union.

I have made three contributions. First, a methodological contribution by laying out
conditions by which the application of the methodology does not involve solving and pro-
ducing the wedge-related counterfactuals of all the regions simultaneously. This makes the
business cycle accounting exercise very tractable. Second, I have constructed a dataset that
allows one to use both aggregate and regional data simultanecously to estimate a relatively
large number of parameters. More importantly, the dataset allows for the application of
the wedge accounting methodology at three levels of geographic aggregation (states, MSAs,
and counties) for the United States. This opens the possibility of studying regional busi-
ness cycles using some of the tools that we have available for the aggregate economies. Our
understanding of local business cycles is limited, largely due to data constraints. However,

local economies behave differently over the business cycle, and large economic episodes like
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the Great Recession may be characterized by large regional variation. Given this, our un-
derstanding of the Great Recession and of how shocks propagate across the country would
benefit from our ability to study local business cycles. Furthermore, Beraja et al. (2016)
have shown that the use of regional data and regional variation to understand the behavior
of aggregate variables over the business cycle requires the development of models since the
use of only cross-sectional data variation has very limited ability to inform us about the
shocks that determine the dynamics of aggregate variables. In this paper, I have developed
tools and results that help guide the construction of the required models that would allow
researchers to use regional data and exploit regional variation in order to study aggregate
business cycles.

The third contribution is the application of the methodology at the state level. The anal-
ysis shows that two different wedges are more prominent in accounting for the differential
behavior of employment and consumption across states during the Great Recession. Shocks
and frictions that produce fluctuations in the labor wedge are more promising to explain the
cross-region variation in employment. Shocks and frictions hat produce fluctuations in the
intertemporal wedge are more promising to explain the cross-region variation in consump-
tion. The implication for theory is that for a model to be able to capture and produce the
fluctuations in employment and consumption that we see in regional data it needs theoret-
ical mechanisms that produce variation in the two wedges. For example, in the case of the
housing shock of Mian and Sufi (2014), one would need a combination of something like a
discount rate shock (which produces variation in the intertemporal wedge) and sticky wages
(which generate a labor wedge) to qualitatively capture that such shock can be the primary
source of cross-region variation in both consumption and employment.

The reason these results are important to our understanding of the Great Recession and
of both aggregate and regional business cycles more generally is the following. When one

performs a similar accounting exercise using aggregate data and aggregate models (such as
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in Brinca et al. (2016)) the Great Recession in the US looks like a labor-wedge recession.
From this exercise we would not rule out models that have undistorted Euler equations (no
intertemporal wedge). However, when we open the black box to study regional economies
and we take into account that markets are incomplete, that it is difficult at business cycle
frequencies to shift people and consumption around so that marginal utilities equalize, the
Great Recession no longer looks like a labor wedge-only recession. From regional data
and regional variation, shocks and frictions that distort the Euler Equation are crucial to
understand the dynamics of consumption and we would rule out models that have undistorted
Euler equations.

This is further evidence that the link between regional business cycles and aggregate
business cycles is complex. In this paper I have shown that what we learn from aggregate
business cycles (using business cycle accounting) does not give a full picture of regional
business cycles. This complements the analysis by Beraja et al. (2016), who show that what
we learn from regional business cycles does not give a full picture of aggregate business
cycles.

Following Chari, Kehoe, and McGrattan (2007a), in order to be able to use the results of
this paper to point at the mechanisms that are more likely to have created such differential
business cycle fluctuations across regions, one needs to produce the corresponding equivalence
results for the class of models that can be represented with the benchmark model of the paper.
More research is required in this direction.

Finally, the methodology of the paper can be easily extended and applied to a context
of a fiscal union using existing state-level data on taxes and subsidies. Regional data on
investment and capital, which to my knowledge do not exist, would greatly improve the
reach of the contributions in this paper to help us better understand sub-national business

cycles.
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1.10 Figures and Tables

Figure 1.1: Regional Variation in Employment During the Great Recession:
2007-2010
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This figure shows the percentage point change in the employment rate for states (Panel A) and for counties
(Panel B) in The United States between 2007 and 2010. The employment rate is computed as the number
of employed people divided by the civilian population aged 16-64. The data comes from the LAUS program
of the Bureau of Labor Statistics.
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Figure 1.2: Regional Variation in Employment and Consumption over the
Business Cycle: 2007-2014
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Panel A. presents the evolution of the cyclical component of total hours for three sample states, Nevada,
California, and New York during the period 2007-2014. See section 1.5 for the exact construction of the

variables. Panel B. shows the evolution of the cyclical component of consumption for the same states over
the same time period. Consumption data comes from the Bureau of Economic Analysis.
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Figure 1.3: Household Side of the Labor Wedge and the Business Cycle
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The scatter plot at the top left corner of this figure shows one-period time series changes in the labor wedge
computed from the aggregate model with one-period changes in the cyclical component of aggregate employ-
ment between 1976 and 2014. The other three scatter plots show the cross-sectional cyclical component of the
labor wedge compute-at the state level with the cyclical component of state level employment, real per-capita
consumption and per-capita personal income
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Figure 1.4: Migration, Consumption Growth and Employment Growth:
2007-2010
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Panel A shows a scatter plot of net migration rates against employment growth over the 2007-2010 period.
Panel B. shows a scatter plot of net migration rates against consumption growth over the 2007-2010 period.
Employment and consumption are constructed as explained in Section 1.5 while migration rates are computed
using IRS data available at https: //www. irs. gov/uac/ soi-taz-stats-migration-data
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Figure 1.5: State Level Consumption Growth vs Employment Growth:
2007-2010
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This figure shows a scatter plot of changes in consumption against changes in employment over the 2007-2010
time period. Employment is measured as in section 1.5 and captures both the intensive and the extensive
margin of the labor decision.
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Figure 1.6: State Level Wage Growth vs Employment Growth: 2007-2010
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This figure shows a scatter plot of changes in wages at the state level against changes in employment over
the 2007-2010 time period. Wages are computed as in section 1.5.
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Figure 1.7: State Level Price Growth vs Employment Growth: 2007-2010
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This figure shows a scatter plot of changes in local prices against changes in employment over the 2007-2010
time period. The geographic units of observation are states. Prices and employment are computed as in
section 1.5.

95



Figure 1.8: Net Asset Growth vs Employment Growth: 2007-2010
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This figure shows a scatter plot of changes in local net assets against changes in employment over the 2007-
2010 time period. The geographic units of observation are states. Net assets and employment are computed
as in section 1.5.
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Table 1.1: Parameter Values

This table shows the parameter values used in the baseline estimation of the model. Other parameters of the
model are functions of these, consistent with the model solution in steady state

Value Target

o 0.62 Aggregate labor share in the non-tradable sector in 2006

6 0.55 Aggregate labor share in the tradable sector in 2006

B | 0.16 Aggregate labor share in 2006 (0.61). See on-line appendix

o 2 Intertemporal elastictiy of substitution. See Kehoe et al. (2016)
¢

A

2 Frisch elasticity. See Beraja et al. (2016) for estimation
1 Wage stickiness.
op | 1.5 Taylor Rule from Gali (2011)
oy | 0.5 Taylor Rule from Gali (2011)
®g | 0.01 | Trade balance-output ratio volatility = 2 from Mendoza (1991)
R | 0.03 Real interest rate
X | 0.32 Intermediate inputs over output ratio US 2006
B 2.1 Median net worth to output ratio in the US 2006
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Figure 1.9: Great Recession in California
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Panel A shows the cyclical component of employment consumption and output for California during the period
2007 through 2014, with respect to 2007. Panel B shows the relative behavior of each of these variables for
California in deviations from the aggregate economy.
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Figure 1.10: Relative Employment and Employment Components in California
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Figure 1.11: Relative Consumption and Consumption Components in California
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This figure shows the behavior of per-capita consumption in California relative to the aggregate and its
decomposition in wedge components for all wedges in the model.
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Figure 1.12: Great Recession in Nevada
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Panel A shows the cyclical component of employment consumption and output for Nevada during the period
2007 through 2014, with respect to 2007. Panel B shows the relative behavior of each of these variables for
Nevada in deviations from the aggregate economy.
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Figure 1.13: Relative Employment and Employment Components in Nevada
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This figure shows the behavior of employment in Nevada relative to the aggregate and its decomposition in
wedge components for all wedges in the model.
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Figure 1.14: Relative Consumption and Consumption Components in Nevada
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This figure shows the behavior of per-capita consumption in Nevada relative to the aggregate and its decom-
position in wedge components for all wedges in the model.
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Figure 1.15: Great Recession in New York
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Panel A shows the cyclical component of employment consumption and output for New York during the period
2007 through 2014, with respect to 2007. Panel B shows the relative behavior of each of these variables for
New York in deviations from the aggregate economy.
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Figure 1.16: Relative Employment and Employment Components in New York
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This figure shows the behavior of employment in New York relative to the aggregate and its decomposition
in wedge components for all wedges in the model.
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Figure 1.17: Relative Consumption and Consumption Components in New York
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This figure shows the behavior of per-capita consumption in New York relative to the aggregate and its
decomposition in wedge components for all wedges in the model.
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Figure 1.18: Decomposition of Employment One-Wedge Economy: 2007-2014
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This figure shows the contribution of each wedge to employment in the regional model using the -statistic
computed over the period 2007-2014. The x-axis corresponds to the statistic for the labor wedge-only economy
while the y-axis corresponds to the statistic for the productivity-wedge only economy.
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Figure 1.19: Decomposition of Employment Three-Wedge Economy: 2007-2014
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This figure shows the contribution of a subset of wedges to employment in the regional model using the -
statistic computed over the period 2007-2014. The z-azis corresponds to the statistic for an economy without
productivity wedges fluctuating (a two-wedge economy) while the y-axis corresponds to the statistic for an
economy without the labor wedge fluctuating (a three-wedge economy)

68



Figure 1.20: Relative Employment and Employment Components in Tennessee
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This figure shows the behavior of employment in Tennessee relative to the aggregate and its decomposition
in wedge components for all wedges in the model.
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Table 1.2: ¢-statistic for Employment: 2007-2014

This table presents the exact values of the i-statistic for the decomposition of employment state by state.
The first 4 columns correspond to the contribution of individual wedges while the last two columns correspond
to the contribution of the indicated subset of wedges. The computations correspond to the period 2007-2014.

Fips Code State QSZY’ (1){} o3k oy Ze Zvlwy
1 Alabama 0.18 0.12 0.13 0.58 0.73 0.12
4 Arizona 0.19 0.36 0.23 0.21 0.26 0.54
5 Arkansas 0.19 0.16 0.12 0.53 0.67 0.15
6 California 0.14 049 032 0.04 005 0.73
8 Colorado 053 0.11 0.29 0.07 0.16 0.67
9 Connecticut 054 0.15 0.16 0.14 0.31 0.40
10 Delaware 0.11 0.08 0.09 0.73 0.84 0.08
12 Florida 0.23 0.06 042 0.29 043 0.20
13 Georgia 0.07 0.05 0.07 0.81 090 0.05
16 Idaho 0.21 0.10 0.19 0.50 066 0.15
17 Ilinois 037 0.26 021 0.16 026 0.54
18 Indiana 0.07 0.07 0.06 0.80 0.71 0.05
19 Towa 0.12 0.11 0.22 0.55 0.61 0.23
20 Kansas 0.17 0.07 025 0.51 065 0.14
21 Kentucky 0.16 0.17 0.10 0.57 0.70 0.14
22 Louisiana 0.13 0.16 0.20 0.51 0.57 0.28
23 Maine 0.23 0.16 0.22 039 052 0.25
24 Maryland 0.21 0.11 0.20 048 065 0.17
25 Massachussets 0.14 0.12 0.09 0.65 0.78 0.10
26 Michigan 0.16 0.13 0.10 0.61 0.75 0.12
27 Minnesota 0.14 0.08 0.16 0.62 0.76 0.11
28 Mississippi 0.27 0.25 033 0.15 0.22 0.51
29 Missouri 0.17 0.16 0.33 0.34 0.39 0.44
30 Montana 0.05 0.05 005 0.8 090 0.05
31 Nebraska 0.04 0.03 005 0.89 093 0.03
32 Nevada 0.03 0.02 004 090 095 0.03
33 New Hampshire 0.09 0.19 0.10 0.62 0.68 0.25
34 New Jersey 0.21 0.12 0.22 044 057 0.23
35 New Mexico 0.10 0.10 0.07r 0.73 0.81 0.09
36 New York 0.05 0.07 0.07 0.81 080 0.07
37 North Carolina 031 0.14 0.19 0.36 055 0.20
38 North Dakota 0.19 0.09 0.21 050 066 0.15
39 Ohio 0.38 0.21 0.15 0.26 043 0.30
40 Oklahoma 0.05 0.04 007 0.84 089 0.05
41 Oregon 0.30 0.25 023 022 033 0.64
42 Pennsylvania 0.15 0.13 0.21 0.50 058 0.24
44 Rhode Island 0.42 0.13 0.27 0.18 0.34 0.32
45 South Carolina 0.33 0.11 0.25 0.30 048 0.22
46 South Dakota 0.17 0.09 0.19 0.56 0.71 0.13
47 Tennessee 0.26 0.16 0.23 0.35 0.49 0.26
48 Texas 0.20 0.10 0.19 0.51 066 0.15
49 Utah 050 0.08 031 0.11 0.24 0.40
50 Vermont 0.05 0.05 0.06 0.84 0.8 0.06
51 Virginia 0.09 0.07 008 0.76 085 0.08
53 Washington 0.12 0.46 0.07 0.34 041 0.48
54 West Virginia 0.29 0.28 0.07 0.35 0.51 0.27
55 Wisconsin 0.09 0.14 0.13 064 069 0.24
56 Wyoming 0.36 0.20 0.19 0.25 039 0.34
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Table 1.3: Peak to Trough Changes in Employment and Components
and Wedge-based Classification of States

This table shows the year in which the economy of each state wen through the trough of the recession. The
next column shows the change in employment in deviations from aggregate employment in the data between
2007 and 2010, the trough-year for the US economy. The next 3 columns show the change in the wedge-
components of employment. The last two columns show the main wedge driving fluctuations in employment
for each state for the peak-trough period of 2007-2010 and for the entire period 2010-2014.

Fips Code State Trough Year An Any Any; Ane Peak-Trough Wedge ‘Wedge 2007-2014
1 Alabama 2009 -5.3 0.2 4.0 -9.6 Labor Labor
4 Arizona 2009 06 00 -35 42 Labor Productivity /Labor
5 Arkansas 2010 0.8 0.0 09 -0.1 Labor/Productivity Labor
6 California 2010 24 00 -38 1.4 Intermediate Intermediate/Productivity
8 Colorado 2010 -09 -01 -1.8 1.0 Productivity Intermediate/Productivity
9 Connecticut 2010 04 -0.1 -45 5.0 Labor Labor
10 Delaware 2010 9.2 03 4.9 -144 Labor Labor
12 Florida 2009 2203 1.8 43 Labor Labor/Intermediate
13 Georgia 2010 -6.4 0.2 2.1 -8.7 Labor Labor
16 Idaho 2009 -3.8 0.2 43 83 Labor Labor
17 [linois 2009 0.5 0.0 0.6 0.0 Intermediate Intermediate/Productivity
18 Indiana 2009 -23 0.1 2.4 -2.8 Labor Labor
19 Towa 2010 48 -02 52 -03 Intermediate Labor
20 Kansas 2010 26 -0.2 1.0 1.8 Labor Labor
21 Kentucky 2010 -1.9 0.1 34 -5.4 Labor Labor
22 Louisiana 2010 49 -0.2 1.8 3.3 Labor Labor
23 Maine 2009 1.5 0.0 3.0 -1.5 Intermediate Labor
24 Maryland 2010 19 -02 -0.7 2.8 Labor Labor
25 Massachussets 2009 43 -01 -3.0 7.4 Labor Labor
26 Michigan 2009 -49 0.3 4.2 -9.3 Labor Labor
27 Minnesota 2009 21 -01 08 1.4 Intermediate/Labor Labor
28 Mississippi 2010 2.2 0.1 5.1 -3.1  Intermediate/Productivity Undetermined
29 Missouri 2010 1.0 0.0 3.3 -2.3 Intermediate Intermediate
30 Montana 2009 -79 0.2 3.1 -11.3 Labor Labor
31 Nebraska 2010 70 -0.3 1.3 5.9 Labor Labor
32 Nevada 2010 -13.2 04 -09 -126 Labor Labor
33 New Hampshire 2010 45 0.0 1.5 2.9 Labor/Productivity Labor
34 New Jersey 2010 23 -0.1 0.9 3.1 Labor Labor
35 New Mexico 2010 0.3 -0.2 2.1 -1.7 Labor Labor
36 New York 2009 32 -01 -08 41 Labor Labor
37 North Carolina 2009 -3.5 0.2 4.6 -8.3 Labor Labor
38 North Dakota 2010 51 -03 25 2.8 Labor/Intermediate Labor
39 Ohio 2009 -1.2 0.1 3.1 -4.4 Labor Labor
40 Oklahoma 2010 5.7  -0.2 1.0 4.9 Labor Labor
41 Oregon 2010 05 -02 02 0.5 Labor/Intermediate Undetermined
42 Pennsylvania 2010 1.2 -0.1 1.0 0.2 Labor Labor
44 Rhode Island 2010 1.6 0.1 4.0  -2.5 Intermediate/Productivity Labor
45 South Carolina 2010 -4.8 0.3 6.0 -11.1 Labor Labor
46 South Dakota 2009 6.2 -0.3 -0.1 6.6 Labor Labor
47 Tennessee 2009 0.8 0.0 2.0 -1.3 Labor Labor
48 Texas 2009 32 -01 -47 80 Labor Labor
49 Utah 2010 04 -02 0.1 0.4 Labor/Intermediate Intermediate
50 Vermont 2010 72  -0.3 1.8 5.7 Labor Labor
51 Virginia 2009 3.1 -01 -0.1 3.2 Labor Labor
53 Washington 2010 -1.8  -0.1 0.1 -1.8 Labor Labor/Productivity
54 West Virginia 2011 1.3 -0.1 1.1 0.2 Labor Labor/Productivity
55 Wisconsin 2009 23 0.0 2.3 0.1 Labor/Intermediate Labor
56 Wyoming 2010 3.1 -02 -59 9.1 Labor/Intermediate Labor/Intermediate
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Figure 1.21: Decomposition of Consumption One-Wedge Economy: 2007-2014
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This figure shows the contribution of each wedge to consumption in the regional model using the -statistic
computed over the period 2007-2014. The z-azis corresponds to the statistic for the intertemporal wedge-only
economy while the y-axis corresponds to the statistic for the productivity-wedge only economy.
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Figure 1.22: Decomposition of Consumption Three-Wedge Economy: 2007-2014
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This figure shows the contribution of a subset of wedges to consumption in the regional model using the -
statistic computed over the period 2007-2014. The z-azis corresponds to the statistic for an economy without
productivity wedge fluctuating (a three-wedge economy) while the y-axis corresponds to the statistic for an
economy without the intertemporal wedge fluctuating (a three-wedge economy)
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Table 1.4: ¢-statistics for Consumption: 2007-2014

This table presents the exact values of the -statistic for the decomposition of consumption state by state.
The first 4 columns correspond to the contribution of individual wedges while the last two columns correspond
to the contribution of the indicated subset of wedges. The computations correspond to the period 2007-2014.

State Fips Code State 1039 o) b ¢ S C

y y yze zye
1 Alabama 0.61 0.20 0.15 0.03 0.22 0.43
4 Arizona 0.27 0.48 0.13 0.13 0.30 0.79
5 Arkansas 0.50 0.18 0.11 0.21 0.87 0.47
6 California 0.82 0.08 0.0 0.05 0.91 0.10
8 Colorado 046 0.25 0.12 0.17 0.82 0.51
9 Connecticut 0.52 0.19 0.10 0.20 0.86 0.39
10 Delaware 0.51 0.30 0.14 0.04 0.18 0.58
12 Florida 0.19 0.50 0.18 0.13 0.17 0.93
13 Georgia 0.74 0.03 0.14 0.08 0.62 0.24
16 Idaho 0.22 0.66 0.06 0.05 0.14 0.62
17 Illinois 041 0.26 0.13 0.20 0.81 0.60
18 Indiana 0.62 0.07 0.20 0.10 0.65 0.43
19 Towa 0.44 0.10 0.23 0.23 0.70 0.28
20 Kansas 0.32 0.27 0.25 0.15 0.32 0.89
21 Kentucky 0.46 0.42 0.08 0.05 0.30 0.31
22 Louisiana 0.86 0.02 0.0 0.08 0.81 0.04
23 Maine 0.74 0.09 0.07 0.10 0.95 0.16
24 Maryland 0.53 0.17 0.15 0.15 0.62 0.47
25 Massachussets 0.67 0.02 0.07 0.24 0.80 0.19
26 Michigan 0.22 0.67 0.07 0.04 0.09 0.64
27 Minnesota 0.32 024 034 0.09 0.28 0.86
28 Mississippi 0.53 0.24 0.11 0.12 0.68 0.39
29 Missouri 0.38 0.28 0.21 0.13 0.63 0.49
30 Montana 0.32 0.58 0.06 0.04 0.14 0.41
31 Nebraska 0.40 0.03 0.32 0.24 0.63 0.24
32 Nevada 0.53 0.02 0.11 0.34 0.71 0.11
33 New Hampshire 0.66 0.07 0.07 0.19 0.99 0.21
34 New Jersey 041 033 0.12 0.14 0.64 0.56
35 New Mexico 0.84 0.08 0.05 0.03 0.62 0.09
36 New York 0.60 0.09 0.10 0.22 094 0.29
37 North Carolina 0.77 0.13 0.07 0.03 0.28 0.18
38 North Dakota 0.65 0.11 0.09 0.15 0.99 0.25
39 Ohio 0.57 030 0.07 0.05 044 0.23
40 Oklahoma 0.70 0.06 0.07 0.18 0.97 0.17
41 Oregon 0.32 0.23 0.15 0.30 0.86 0.77
42 Pennsylvania 0.81 0.05 0.06 0.08 0.98 0.10
44 Rhode Island 0.67 0.12 0.12 0.10 0.74 0.26
45 South Carolina 0.20 0.72 0.05 0.03 0.10 0.52
46 South Dakota 0.63 0.05 0.13 0.19 0.71 0.21
47 Tennessee 0.75 0.11 0.07 0.07 0.71 0.16
48 Texas 0.79 0.02 0.08 0.11 0.81 0.11
49 Utah 0.36 0.33 0.14 0.17 0.69 0.67
50 Vermont 0.81 0.03 0.04 0.11 0.96 0.08
51 Virginia 047 0.26 0.15 0.12 0.41 0.58
53 Washington 0.25 0.05 046 024 0.75 0.85
54 West Virginia 0.59 0.19 0.10 0.11 0.84 0.31
55 Wisconsin 0.15 0.73 0.08 0.04 0.11 0.78
56 Wyoming 0.31 0.46 0.13 0.11 0.39 0.69
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Table 1.5: Peak to Trough Changes in Consumption and Components
and Wedge-based Classification of States

This table shows the year in which the economy of each state wen through the trough of the recession. The
next column shows the change in consumption in deviations from aggregate employment in the data between
2007 and 2010, the trough-year for the US economy. The next 3 columns show the change in the wedge-
components of consumption. The last two columns show the main wedge driving fluctuations in consumption
for each state for the peak-trough period of 2007-2010 and for the entire period 2010-2014.

Fips Code State Trough Year Ac Acy Acyy Ace Peak-Trough Wedge ‘Wedge 2007-2014
1 Alabama 2009 1.32 095 232 -1.76 Intertemporal/Productivity Intertemporal/Productivity
4 Arizona 2009 -0.10 -0.43 -0.75 0.43 Intertemporal Productivity
5 Arkansas 2010 -2.20 -1.08 -0.85 0.00 Intertemporal/Productivity Intertemporal/Productivity
6 California 2010 -3.18 -2.45 -1.00 -0.38 Intertemporal Intertemporal
8 Colorado 2010 -3.53 -1.80 -0.98 -0.54 Intertemporal/Productivity Intertemporal/Productivity
9 Connecticut 2010 0.32 -0.20 -0.50 1.21 Intertemporal Intertemporal
10 Delaware 2010 0.69 025 3.16 -2.72 Productivity/Intertemporal Productivity/Intertemporal
12 Florida 2009 1.20 0.08 0.69 -0.15 Productivity Productivity
13 Georgia 2010 -1.04 -0.89 1.52 -1.80 Intertemporal Intertemporal
16 Idaho 2009 177 1.09 184 -1.55 Intertemporal Productivity /Intertemporal
17 Illinois 2009 -1.31 -0.59 -0.34 -0.08 Intertemporal Intertemporal /Productivity
18 Indiana 2009 -0.08 0.02 1.03 -1.02 Intertemporal Intertemporal
19 Towa 2010 1.54 2.07 0.12 -0.01 Intertemporal Intertemporal
20 Kansas 2010 -0.68 0.03 -0.53 0.16 Intertemporal Productivity
21 Kentucky 2010 297 209 2.02 -0.90 Intertemporal Intertemporal /Productivity
22 Louisiana 2010 1.24 1.56 -0.56 0.93 Intertemporal Intertemporal
23 Maine 2009 3.83 274 124 -0.11 Intertemporal Intertemporal
24 Maryland 2010 0.33 040 -0.39 0.26 Intertemporal Intertemporal
25 Massachussets 2009 0.87 047 -1.31 1.65 Intertemporal /Labor Intertemporal
26 Michigan 2009 1.77 091 271 -1.56 Productivity/Intertemporal Productivity/Intertemporal
27 Minnesota 2009 -0.49 0.15 -0.40 -0.15 Productivity Undetermined
28 Mississippi 2010 293 190 1.22 0.18 Intertemporal Intertemporal
29 Missouri 2010 1.02 1.19 0.70 -0.40 Intertemporal Intertemporal
30 Montana 2009 321 192 3.66 -2.26 Productivity/Intertemporal Productivity/Intertemporal
31 Nebraska 2010 0.28 1.06 -1.41 1.06 Intertemporal Intertemporal
32 Nevada 2010 -2.90 -3.28 1.78 -2.48 Intertemporal Intertemporal
33 New Hampshire 2010 1.96 131 -0.59 1.31 Intertemporal Intertemporal
34 New Jersey 2010 -2.15 -0.84 -1.10 -0.05 Intertemporal/Productivity Intertemporal/Productivity
35 New Mexico 2010 2.10 1.85 098 -0.26 Intertemporal Intertemporal
36 New York 2009 1.76  1.16 -0.48 1.41 Intertemporal Intertemporal
37 North Carolina 2009 1.32 093 186 -1.33 Intertemporal Intertemporal /Productivity
38 North Dakota 2010 8.47 559 224 145 Intertemporal Intertemporal
39 Ohio 2009 0.78 0.72 1.14 -0.81 Productivity/Intertemporal Intertemporal
40 Oklahoma 2010 228 189 -0.54 1.37 Intertemporal Intertemporal
41 Oregon 2010 -2.07 -045 -0.55 -0.86 Productivity Undetermined
42 Pennsylvania 2010 1.61 1.20 049 0.19 Intertemporal Intertemporal
44 Rhode Island 2010 1.94 148 0.60 -0.03 Intertemporal Intertemporal
45 South Carolina 2010 3.99 229 318 -1.41 Productivity/Intertemporal Productivity/Intertemporal
46 South Dakota 2009 241 252 -0.58 0.87 Intertemporal Intertemporal
47 Tennessee 2009 1.35 1.06 0.63 -0.17 Intertemporal Intertemporal
48 Texas 2009 -0.09 -0.16 -1.28 1.66 Intertemporal Intertemporal
49 Utah 2010 -3.02 -1.08 -0.96 -0.77 Intertemporal Intertemporal
50 Vermont 2010 416 3.68 -0.40 1.14 Intertemporal/Productivity Intertemporal/Productivity
51 Virginia 2009 -0.29 0.13 -0.88 0.33 Productivty Intertemporal /Productivity
53 ‘Washington 2010 -0.05 0.35 0.62 -0.70 Labor Wedge Labor Wedge
54 West Virginia 2011 440 296 152 0.22 Intertemporal Intertemporal
55 Wisconsin 2009 0.08 045 -0.27 0.08 Productivity Productivity
56 Wyoming 2010 -2.01 -096 -2.31 184 Intertemporal Productivity
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Figure 1.23: Sensitivity Analysis - Decomposition of Employment Three-Wedge
Economy: 2007-2014. Elasticity of Labor Supply ¢ =1
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This figure shows the contribution of a subset of wedges to employment in the regional model using the -
statistic computed over the period 2007-2014 for a value of the elasticity of labor supply of ¢ = 1. Recall
that in the baseline specification the value was ¢ = 2. The z-axis corresponds to the statistic for an economy
without productivity wedges fluctuating (a two-wedge economy) while the y-axis corresponds to the statistic
for an economy without the labor wedge fluctuating (a three-wedge economy)
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Figure 1.24: Sensitivity Analysis - Decomposition of Consumption One-Wedge
Economy: 2007-2014. Elasticity of Labor Supply ¢ =1
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This figure shows the contribution of each wedge to consumption in the regional model using the -statistic
computed over the period 2007-2014 for a value of the elasticity of labor supply of ¢ = 1. Recall that in
the baseline specification the value was ¢ = 2 The x-axis corresponds to the statistic for the intertemporal
wedge-only economy while the y-axis corresponds to the statistic for the productivity-wedge only economy.

7



Figure 1.25: Sensitivity Analysis - Decomposition of Employment Three-Wedge
Economy: 2007-2014. Elasticity of Labor Supply ¢ =4
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This figure shows the contribution of a subset of wedges to employment in the regional model using the -
statistic computed over the period 2007-2014 for a value of the elasticity of labor supply of ¢ = 4. Recall
that in the baseline specification the value was ¢ = 2. The z-axis corresponds to the statistic for an economy
without productivity wedges fluctuating (a two-wedge economy) while the y-axis corresponds to the statistic
for an economy without the labor wedge fluctuating (a three-wedge economy)
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Figure 1.26: Sensitivity Analysis - Decomposition of Consumption One-Wedge
Economy: 2007-2014. Elasticity of Labor Supply ¢ =4

1 T T T T T T T T T
No Leading Wedge
X Intertemporal Wedge
0.9 Productivity Wedge 7
c —I— Intertemp. & Prod. Wedge
90% line X Labor Wedge

0.8

0.7

67% line
0.6

o©
~

Contribution of Productivity Wedge (%)
o o
w n

o
(V)

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Contribution of Intertemporal Wedge (%)

This figure shows the contribution of each wedge to consumption in the regional model using the -statistic
computed over the period 2007-2014 for a value of the elasticity of labor supply of ¢ = 4. Recall that in
the baseline specification the value was ¢ = 2 . The z-axis corresponds to the statistic for the intertemporal
wedge-only economy while the y-axis corresponds to the statistic for the productivity-wedge only economy.
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Figure 1.27: Sensitivity Analysis - Decomposition of Employment Three-Wedge
Economy: 2007-2014. Intertemporal Elasticity of Subsititution ¢ =1
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This figure shows the contribution of a subset of wedges to employment in the regional model using the -
statistic computed over the period 2007-2014 for a value of the intertemporal elasticity of substitution of
o = 1. Recall that in the baseline specification the value was o = 2. The x-axis corresponds to the statistic
for an economy without productivity wedges fluctuating (a two-wedge economy) while the y-axis corresponds
to the statistic for an economy without the labor wedge fluctuating (a three-wedge economy)
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Figure 1.28: Sensitivity Analysis - Decomposition of Consumption One-Wedge
Economy: 2007-2014. Intertemporal Elasticity of Subsititution ¢ =1
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This figure shows the contribution of each wedge to consumption in the regional model using the -statistic
computed over the period 2007-2014 for a value of the intertemporal elasticity of substitution of o = 1. Recall
that in the baseline specification the value was o = 2. Recall that in the baseline specification the value was
¢ = 2. The z-axis corresponds to the statistic for the intertemporal wedge-only economy while the y-axis
corresponds to the statistic for the productivity-wedge only economy.

81



Figure 1.29: Sensitivity Analysis - Decomposition of Employment One-Wedge
Economy: 2007-2014. GHH Preferences
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This figure shows the contribution of each wedge to employment in the regional model using the -statistic
computed over the period 2007-2014. The x-axis corresponds to the statistic for the labor wedge-only economy
while the y-axis corresponds to the statistic for the productivity-wedge only economy.
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Figure 1.30: Sensitivity Analysis - Decomposition of Employment Three-Wedge
Economy: 2007-2014. GHH Preferences
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This figure shows the contribution of a subset of wedges to employment in the regional model using the -
statistic computed over the period 2007-2014. The z-axis corresponds to the statistic for an economy without
productivity wedges fluctuating (a two-wedge economy) while the y-axis corresponds to the statistic for an
economy without the labor wedge fluctuating (a three-wedge economy)

83



Figure 1.31: Sensitivity Analysis - Decomposition of Consumption One-Wedge
Economy: 2007-2014. GHH Preferences
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This figure shows the contribution of each wedge to consumption in the regional model using the -statistic
computed over the period 2007-2014. The z-axis corresponds to the statistic for the intertemporal wedge-only
economy while the y-axis corresponds to the statistic for the productivity-wedge only economy.
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Figure 1.32: Sensitivity Analysis - Decomposition of Consumption Three-Wedge
Economy: 2007-2014. GHH Preferences
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This figure shows the contribution of a subset of wedges to consumption in the regional model using the -
statistic computed over the period 2007-2014. The z-axis corresponds to the statistic for an economy without
productivity wedge fluctuating (a three-wedge economy) while the y-axis corresponds to the statistic for an
economy without the intertemporal wedge fluctuating (a three-wedge economy)
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Table 1.6: Cross-Region Employment and Wedges

Panel A. in this table shows regressions of changes in employment at the state level on changes in the different
wedges from the model with standard preferences for periods 2007-2010 and 2010-201/4. Panel B. presents
the results of the same regressions but using wedges that use GHH preferences.

Panel A: Standard Preferences

2007-2010 2010-2014
nm @ 6 @ 6 © O @
b/se b/se b/se b/se b/se b/se b/se b/se
A Investment Wedge 0.001 2.830%** -0.051 0.834*
(0.063) (0.674) (0.046) (0.477)
A Productivity Wedge 0.542***-0.100 0.397**%* 0.135
(0.185) (0.222) (0.095) (0.167)
A Intermediate Prod. Wedge 0.795%** 0.238*
(0.189) (0.129)
A Labor Wedge -0.295%** -0.216%**
(0.024) (0.020)
constant 0.003 0.003  -0.002  0.009%**-0.008% -0.011***-0.013%**-0.011%**
(0.007) (0.006) (0.006) (0.003) (0.004) (0.004) (0.004) (0.002)
R? 0.000 0.157 0.398 0.764 0.026 0.274 0.342 0.719
Observations 48 48 48 48 48 48 48 48
Panel B: GHH Preferences
2007-2010 2010-2014
nm @ 6 @ 6 © O @
b/se b/se b/se b/se b/se b/se b/se b/se
A Investment Wedge 0.003 1.0297%+* -0.016 0.502***
(0.020) (0.126) (0.014) (0.128)
A Productivity Wedge 0.542*** 0.091 0.397*** 0.087
(0.185) (0.132) (0.095) (0.112)
A Intermediate Prod. Wedge 0.925%** 0.446***
(0.113) (0.111)
A Labor Wedge -0.169* -0.048
(0.099) (0.069)
constant 0.003 0.003  -0.003 0.008 -0.008% -0.011***-0.011***-0.007
(0.007) (0.006) (0.004) (0.007) (0.004) (0.004) (0.003) (0.004)
R? 0.000 0.157 0.666 0.059 0.028 0.274 0.478 0.010
Observations 48 48 48 48 48 48 48 48

xp < 0.10, % x p < 0.05, % x xp < 0.01. Standard errors in parentheses
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1.11 Appendix

1.11.1 Aggregation

In this appendix I show two aggregation results that are useful to perform the business
cycle accounting exercise and measure the investment wedge. The starting point to prove
these results is the set of equations that describe the log-linearized equilibrium and that are

derived in the online appendix section ?77:

0 = B¢ [mugq — mugy — w1 — Po (e — ) — Vi1 + ©xBt [me1] + @y (e — y")]

(1.19)

mug; = —oCcgy (1.20)

wiy = A (e%t + %nkt + Jckt> + (1= N) (why_q — Tt) (1.21)
0=z —wir +q — (1 —0)ng, (1.22)

Nnyy = NYnj, + N¥nj, (1.23)

Zxkt = Z (1 + 9”%1&) (1.24)
k

k
Whe = Wkt — Pkt (1.25)
Tkt = Pkt — Pki—1 (1.26)
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~ X
bprp1 = (L+7) (b +1¢) + B (ki + Ony — wpe) — 778
Tkt = Ny + Wht — Q1
Ct = Wiy + 1y

why = = (1= (a4 08)) i, — (1= ) (nfy — ) + <15+ B

In the case of GHH preferences, equations (1.20) and (1.21) are replaced by

o 1+¢
mug; = — , e (Ockt — N ¢ nkt)
(C — mN ¢ )

1
Wiy = A (e‘]:ft + 5”1%) +(1=X) (th—l — Wkt)

(1.23) implies ny = nf = n{ and therefore equation (1.29) becomes:

ot = wy +nd =wj +ny
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(1.27)

(1.28)

(1.29)

(1.30)

(1.31)

(1.32)

Aggregation Result 1 - Aggregate Economy Let’s define the notation for the aggre-
gate economy with lower-case letters with no k-subscript. For example ny =), %ntk- The
first aggregation result is that for the aggregate economy (the one we obtain after adding up
across islands) the behavior of 7, wj, ns in the log-linearized economy is identical to that
of a representative economy with only a final goods sector with labor share in production
a + 63, no endogenous discount factor, and only 3 exogenous processes {2, €, 7}’ }, where
2 = Ztyw + f2f“. The detailed derivation is in online appendix 1.12.5.1. To get to this

result add up equations (1.22), (1.24), and (1.28) to get that n{ = nf. Using this, equation



For equations ( 1.19) (1.20), (1.21), and (1.30) just add up and apply the definition of
the aggregate variable, and define 2}’ = z%yw + B2“. The resulting equations that describe

the behavior of the aggregate economy are shown in section 1.6, and are not shown here.

Aggregation Result 2 - Local Economies Let’s define the notation for the local /regional
economies. I write the regional economy in deviations from the aggregate and denote the
regional variables with tilde, so that 7y = xp; — x4 represents the deviation of variable x in
island k from its aggregate counterpart as defined in the previous section. I drop the k sub-
scripts to simplify notation. The second aggregation result is that For given {2% ZE Yt €t}
the behavior of {p¢, wt,ﬁ%,ﬁf } in the log-linearized economy for each island in deviations
from aggregates is identical to that of a small open economy where the price of intermediates
and the nominal interest rate are at their steady state levels, i.e. ¢t = iy = 0 V¢.

The resulting system of equations that describes the equilibrium of the economy are shown
in section 1.6. This system is in essence identical to the original one setting i = ¢ = 0 and
dropping the market clearing condition in the intermediate goods market. To get to this
result, take the equations above, add them across islands and then compute deviations from

the aggregate. The detailed derivation is in online appendix 1.12.6.
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1.11.2 Stochastic Process Estimation

The stochastic process driving the wedges is assumed to have the following form

2 5 5 5 > ¥
Tkt Py Pyy  Pyx Pre Vkt—1 Oy  Ony Oyxz  One Uy Oy  Ony Oyz  One Vet
2y 2y o o o o uy G G G G vy
kt Pyy Py  Pyz  Pye kt—1 Yy Y yz ye t Yy Y yz ye Kkt
= + +
2y zy o o o o uy G I g G vy
Lt Pz~  Pzy Pz Pxe kt—1 Ty Ty T TE t Ty Ty T TE Kt
€kt Pevy Pey Pex Pe €kt—1 Oey Oey Oex Oe uf 5—6’}/ &ey Oex Ge ’Uléet

Then, in order to express this only as a function of z; = Z{?—l + Bz | and uf = uty + Buf

we need a restriction on the parameters. For the v process, adding up across islands we get:

Ve = Py -1+ Pyy_y + Pradiog  Preet—1 + Oy + Oyt + oty + 0qeu;

In order to express this only as a function of z; = Zf_l + B2z and uf = u% + Buf we need
a restriction on the parameters. If py, = Bpyy and oy = Boyy, and letting pyy = py, and

04y = 04 this can be written as:

Vo= Py -1+ PyF_y + prBaa t preet—1 + oqu + oyui + onyBu + oqeu;

= PyN—1 Tt Pyz2t—1+ Pre€t—1 t UVUZ + oqzuf + oqeuy

Similarly, for the € process if pez = Bpey and oex = Boey and letting pey = per and o¢y = 0¢

€t = PeyVt—1 T Pez?t—1 + Pe€t—1 + Ue’yuz + Oezuf + oeus
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For the z process, after adding up across islands and that z; = zi’ + Bz we have that:

& = (Pyv + ﬁva) V-1 + (Py + /Bpmy) Zij_l + (Pyx + 6:031‘) thfl + (Pye + Bpxe) €&—1

+ (Um + ﬁam) uz + (ay + ,Baxy) uf + (ayx + ﬁax) uf + (aye + ﬁaxe) ug
Zt= (Pyv + Bpam) Yt—1 +Pzzf,1 +szzf71+(pye + 5%6) Et71+(0—y'y + Bomw) u?-i—oyug-i-ﬁ%uf-i-(oys + ﬂaze) u§
Y z €
= (Pyv + 5Pw7) V-1t Pz2t + (Pye + 5Pxe) €—1+ (va + 50337) Uy +ozuf + (Uye + 5Uxe) Ut
Zt=PryVt—1 T P22t T Pze€t—1 T O-Z’)/u? + Uzuf + Uzeug

Therefore, under the proposed set-up the following processes are the ones I estimate:

~y
Ykt Py Pz BPyz Pre Yrt—1 Oy  Oyz [0y Oye u/ Ukt
y y y ~y
2kt Pyy Pz 0 Pye “rt—1 Oyy Oz 0 Oye Uy ~ | Ykt
= + +X
Ziot Py 0 Pz Pac Zkt—1 Oy 0 0 Oue u Ukt
€kt Pey  Pez Bpez Pe €kt—1 Ocy  Oez Baez O¢ u; 17]2,5
which for the aggregate economy means that I estimate
-
Yt Pr Pryz Pre Vt—1 Oy Oz One Uy
2 | T | Pyy +BPzy Pz Pyt BPae zeo1 | T | Oyy+Bosy 02 Oye+ Boae uf
€t Pery Pez Pe €t—1 Oery Oz O¢ ’LL:

Notice the relationship between the persistence parameters in the original process, which
correspond to the parameters of the regional model, and the parameters for the aggregate

model.
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1.11.83 Regional Price Data

Table 1.7: Nielsen’s Retail Scanner Database Description

This table provides some basic descriptive statistics of the AC Nielsen database used to construct regional
price indezes

Individual Years

Combined
2006 2007 2008 2009 2010 2011 2012 2013 Total Average
Number of Obs. (million) 12,013.1 12,8122 13,037.5 1290683 13,1534 13,646.7 13,618.8 13,801.3  105,051.0 13,131.4
Number of UPCs 725,224 762,469 759,989 753,984 739,768 742,074 753,318 769,136 1,487,003 750,745
Number of Categories 1,085 1,086 1,086 1,083 1,085 1,081 1,105 1,113 1,113 1,091
Number of Chains 86 85 87 86 86 86 82 79 88 85
Number of Stores 32,642 33,745 34,830 35343 35,807 35,645 36,059 36,316 40,350 35,048
Number of Zip Codes 10,869 11,123 11,357 11,476 11,589 11,639 11,626 11,553 11,797 11,404
Number of Counties 2,385 2,468 2,500 2,508 2,519 2,526 2,547 2,561 2,593 2,502
Number of MSAs 361 361 361 361 361 361 361 361 361 361
Number of States 49 49 49 49 49 49 49 49 49 49
Transaction Value (US billion) — 187.9 207.8 219.6 223.7 227.6 235.2 239.5 238.7 1,779.9 222.5
Pct. Value used in Price Index  54.3% 50.0% 66.4%

66.0% 68.3% 68.0% 67.7% 67.2% 63.9% 63.5%
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1.11.4 Computing the Value of the Housing Stock

In this appendix section I explain how I compute the value of the housing stock and what
data I use to this purpose. I follow the approach by Mian et al. (2013). The strategy is to
take the 2000 median home value, adjust it for every year using local house price indexes
for every geography and apply it to the housing stock owned by households computed as
Housing Units x Occupancy_rate x Homeownership_rate. Table 1.8 lists the variables I
use and the sources. First, I need a measure of the housing stock owned by households.
From the Census 2000 we can get directly a measure of the number of housing units at the
state and county level. To obtain MSA-level figures I aggregate the county-level figures.?
Then using the intercensal population estimates from 2001 through 2013 I compute annual
growth rates in housing units and apply them to the number of housing units in the Census
2000. In this way I get an estimate of the housing units year by year. For each of the
three geographies I check how close the number of housing units obtained in this way is to
the number of housing units in the Census 2010. At the state level the average absolute
percentage difference between the two numbers is 0.29%, at the county level is 0.325% and
at the MSA level is 3.3%. The difference at the MSA level is driven by a few outliers. The
explanation may lie in different definitions of the MSA in between the two censuses. In these
cases I replace the value of the housing units for 2010 computed from the county data of

2000 by the units from the Census 2010. To get to the units in other years I use the changes

in housing units from the ACS estimates between 2005 and 2013.

57. The walkover files linking MSAs and counties are here http://www.census.gov/population/metro/
data/def .html
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Table 1.8: Data Sources to Value the Housing Stock

This table provides the sources and different variables I use at different levels of aggregation to compute the
value of the housing stock

Geography

State, County
State, County, MSA
State, County
State, County

MSA

State, County
State, County, MSA
State, County, MSA
State, County
State, County, MSA
State, County, MSA
State, County

MSA

State and MSA

County

Variable

Housing Units
Housing Units
Housing Units
Housing Units
Housing Units
Occupancy Rate
Occupancy Rate
Occupancy Rate
Homeownership Rate
Homeownership Rate
Occupancy Rate
Median Home Value
Median Home Value
House Prices

House Prices

Years

2000

2010

2001-2009

2011-2013

2005-2013

2000

2010

2005-2013

2000

2010

2005-2013

2000

2010

2000-2013

2000-2013

Dataset

Census 2000

Census 2010
Population Estimates
Population Estimates
ACS

Census 2000

Census 2010

ACS

Census 2000

Census 2010

ACS

Census 2000

ACS

House Price Indexes

Median Home Value

Source

Census Bureau

Census Bureau

Census Bureau

Census Bureau

Census Bureau

Census Bureau

Census Bureau

Census Bureau

Census Bureau

Census Bureau

Census Bureau

Census Bureau

Census Bureau

FHFA

Zillow

Link or Table

Table HOO1 - Housing Units

Table H1 - Housing Units

Housing Units Intercensal Estimates (1)
PEPANNHU

B25001 - Housing Units

Table HO03 - Occupancy Status
Table H3 - Occupancy Status

Table B25002 - Occupancy Status
Table H004 - Tenure (2)

Table H4 - Tenure

Table B25003 - Tenure

Table HO85 - Median Value

Table B25077 - Median Value
Quarterly All Transaction Indexes(3)

ZHVI All Homes(4)

(1) Download at http://www.census.gov/popest/data/intercensal/housing/hu2010.html

(2) Alternatively available at http://www.census.gov/housing/hvs/data/anni4ind.html

(3) Download at http://www.fhfa.gov/DataTools/Downloads/Pages/House-Price-Index.aspx

(4) Download at http://www.zillow.com/research/data/\#median-home-value

The second step is to get a measure of the household units owned by the household. For-

tunately, the US Census Bureau collects data and provide estimates of the homeownership,
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which it is defined as follows:?8

Owner_occupied_housing_units
x 100

Homeownership_rate =
b Total _occupied_housing_Units

The US Census Bureau also provides information on the vacancy rates for owner occupied
units. For each geographic level (state, county, or MSA) I compute vacancy rates and
homeownership rates using data from the American Community Survey (ACS) from 2005
through 2013 and the US census of 2010. Using the measures of the Census 2010 for these
two rates as the base, I compute the homeownership rates and vacancy rates by applying
changes in the same rates computed from the ACS. In this way I guarantee that the better
measure (the one from the Census) is built in the computations. With the number of units,
the vacancy rates, and the homeownership rates I compute each year the housing stock
(measured in units) as the product of these three quantities.

The Census 2000 reports a value for the median home for both states and counties.
Unfortunately the 2010 census does not report values for any geography. For MSAs, I
compute the median value in 2000 as the house-unit weighted average of the counties that
make up the MSA. For those MSAs for which the base housing units are those of the Census
2010 and not those of the Census 2000, I use the ACS 2010 median value as the base value.
Then using market house prices from the Federal Housing Finance Agency, Zillow and/or
Corelogic, I compute median house values by year for the different levels of geographic

aggregation.

58. Source: http://quickfacts.census.gov/qfd/meta/long HSG445213.htm
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Finally, to get a dollar measure of the housing stock I multiply the median dollar home

values by the household-owned stock of housing units.
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1.11.5 List of Data Sets

Given the large number of datasets and data sources that I employ in the paper, as a guide

for the interested reader in this section I list them along with their use

Table 1.9: Data Sources

Dataset

American Community Survey Micro Data
Current Population Survey Micro Data
Quarterly Census of Employment & Wages - QCEW
Equifax Consumer Trends

State-level debt

Flow of Funds

IRS Statistics of Income (SOI)

American Community Survey

Census 2000

Census 2010

Population Estimates Program
All-transaction House Price Indexes

Nielsen Retail Scanner Data

All Urban Consumer Price Index

Local Area Unemployment Statistics (LAUS)
Current Employment Statistics

Labor Force Statistics - CPS

Personal Consumption Expenditures by State
National Income and Product Account (NIPA)
Consumer Expenditure Survey

State and MSA Union Membership

HUD USPS ZIP Code Crosswalk Files
Metropolitan and Micropolitan Delineations
County Business Patterns

IRS Migration Data

Source

IPUMS

IPUMS

Bureau of Labor Statistics
Equifax - Fama Miller Center
New York Fed

Federal Reserve

Internal Revenue Service

US Census Bureau

US Census Bureau

US Census Bureau

US Census Bureau

Federal Housing Finance Agency
Nielsen - University of Chicago
Bureau of Labor Statistics
Bureau of Labor Statistics
Bureau of Labor Statistics
Bureau of Labor Statistics
Bureau of Economic Analysis
Bureau of Economic Analysis
Bureau of Labor Statistics

www.unionstats.com

US Dept. of Housing and Urban Develop.

US Census Bureau

US Census Bureau

Internal Revenue Service

Use

Regional wage indexes, hours worked, employment shares
Aggregate wage indexes, measures related to search frictions
Local wages

Value housing stock, Measures of household leverage
Value of housing stock

Value of net assets

Value of Assets

Value of housing stock

Value of housing stock

Value of housing stock, Regional population

Value of housing stock, Regional population

Value of housing stock

Regional price indexes

Aggregate price index

Regional employment, labor market tightness
Aggregate hours worked

Aggregate employment

State-level consumption

Aggregate and State-level consumption

State-level consumption

Unionization rates

Household Leverage

MSA computations based on county data
Alternative county-level wage measures

State-level net migration rates
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1.11.6  County, MSA, and Other Local Data

Figure 1.33: MSA Level Wage Growth vs Employment Growth: 2007-2010
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This figure shows a scatter plot of changes in wages at the state level against changes in employment over

the 2007-2010 time period. Wages are computed as in section 1.5. The geographic unit of observation are
states.
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Figure 1.34: County Level Wage Growth vs Employment Growth: 2007-2010
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This figure shows a scatter plot of changes in wages against changes in employment over the 2007-2010 time
period. Wages are computed as in section 1.5. The geographic units of observation are counties.
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Figure 1.35: MSA Level Price Growth vs Employment Growth: 2007-2010
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This figure shows a scatter plot of changes in local prices against changes in employment over the 2007-2010
time period. The geographic units of observation are MSAs. Prices and employment are computed as in
section 1.5.
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Figure 1.36: County Level Price Growth vs Employment Growth: 2007-2010
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This figure shows a scatter plot of changes in local prices against changes in employment over the 2007-2010

time period. The geographic units of observation are counties. Prices and employment are computed as in
section 1.5.
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Figure 1.37: State Level Real Wage Growth vs Employment Growth: 2007-2010
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This figure shows a scatter plot of changes in local real wages against changes in employment over the
2007-2010 time period. The geographic units of observation are states. Wages, prices and employment are
computed as in section 1.5.
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Figure 1.38: MSA Level Real Wage Growth vs Employment Growth: 2007-2010

15
o
10 - °
OO
=]
5 [}

o

-10

-15 e

Percentage Change in Real Wages 07-10

O

-20
o

b=0.32 t-stat=6.42 R2=0.16

25 | | | | | |
-25 -20 -15 -10 -5 0 5
Percentage Change in Employment 07-10

This figure shows a scatter plot of changes in local real wages against changes in employment over the
2007-2010 time period. The geographic units of observation are MSAs. Wages, prices and employment are
computed as in section 1.5.
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Figure 1.39: County Level Real Wage Growth vs Employment Growth:
2007-2010
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This figure shows a scatter plot of changes in local real wages against changes in employment over the 2007-
2010 time period. The geographic units of observation are counties. Wages, prices and employment are
computed as in section 1.5.
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1.11.7 Appendiz Tables and Figures

Figure Al: Sensitivity Analysis - Decomposition of Employment Three-Wedge
Economy: 2007-2014. Intertemporal Elasticity of Subsititution ¢ =4
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This figure shows the contribution of a subset of wedges to employment in the regional model using the -
statistic computed over the period 2007-2014 for a value of the intertemporal elasticity of substitution of
o = 4. Recall that in the baseline specification the value was o = 2. The x-axis corresponds to the statistic
for an economy without productivity wedges fluctuating (a two-wedge economy) while the y-axis corresponds
to the statistic for an economy without the labor wedge fluctuating (a three-wedge economy)
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Figure A2: Sensitivity Analysis - Decomposition of Consumption One-Wedge
Economy: 2007-2014. Intertemporal Elasticity of Subsititution ¢ =4
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This figure shows the contribution of each wedge to consumption in the regional model using the -statistic
computed over the period 2007-2014 for a value of the intertemporal elasticity of substitution of o = 4.
Recall that in the baseline specification the value was o = 2. The z-axis corresponds to the statistic for the

intertemporal wedge-only economy while the y-axis corresponds to the statistic for the productivity-wedge only
economy.
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Figure A3: Sensitivity Analysis - Decomposition of Employment Three-Wedge
Economy: 2007-2014. Intertemporal Elasticity of Subsititution ¢ =4 and
Elasticity of Labor Supply ¢ =1

1 T T T T T T T T T
No Leading Wedge
| X Labor Wedge ]
0.9 —+  Productivity Wedges
e\o/
o 0.8 -
o
o
)
% 0.7 - _pR b
% _iQA O o
206 S # .
pd 1L WI
' L A I
o5 A+ -
2
8 uT %Y PA
w04 r i
Rl OH
o T
8 NJ
=03 .
> SC ne
© 02 K M i
- %W T
T .l XN Q%T ] |
Al v
o | | | | | | | | |
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Labor Wedge Economy - No productivity Wedges (%)

This figure shows the contribution of a subset of wedges to employment in the regional model using the -
statistic computed over the period 2007-2014 for a value of the elasticity of labor supply of =1 and a value
of the intertemporal elasticity of substitution of 0 = 4. Recall that in the baseline specification the values
were ¢ = 2 0 = 2. Recall that in the baseline specification the value was ¢ = 2. The z-axis corresponds to
the statistic for an economy without productivity wedges fluctuating (a two-wedge economy) while the y-azis
corresponds to the statistic for an economy without the labor wedge fluctuating (a three-wedge economy)

107



Figure A4: Sensitivity Analysis - Decomposition of Consumption One-Wedge
Economy: 2007-2014. Intertemporal Elasticity of Subsititution ¢ =4 and
Elasticity of Labor Supply ¢ =1
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This figure shows the contribution of each wedge to consumption in the regional model using the -statistic
computed over the period 2007-201/ for a value of the elasticity of labor supply of ¢ =1 and a value of the
intertemporal elasticity of substitution of 0 = 4. Recall that in the baseline specification the values were ¢ = 2
o = 2. Recall that in the baseline specification the value was ¢ = 2. The z-azis corresponds to the statistic for
the intertemporal wedge-only economy while the y-axis corresponds to the statistic for the productivity-wedge
only economy.
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1.12 On-Line Appendix

This document is the on-line appendix to the paper Regional Business Cycle Accounting and

The Great Recession. The purpose of this document is fivefold:

1. Explain in detail how to solve the model of the paper. The model is written in a way
that one can solve two separate models, a model for the aggregate economy, and a model
for the regional economies expressed in deviations from the aggregate.The solution to
the model is used in two parts. First to estimate the persistence parameters of the
exogenous process of the model. Second, to recover these processes from the data,

construct the wedges, and perform the business cycle accounting exercise
2. Provide a guide to build the code for the empirical estimation of the model

3. Provide additional elements of the paper that are left out from the main text but that

were key in the development of the project
4. Facilitate replicability.
5. Add some plots and tables that are not part of the main text

In this online appendix, the equations that are numbered adding an OA are numbered
within the appendix, while equations numbered without the OA particle come from the main

text and have the same number as in the main text.

109



1.12.1 Additional Data Plots

Figure A5: State Level Consumption Growth vs Employment Rate Change:
2007-2010
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This figure shows a scatter plot of changes in consumption against changes in employment rate over the
2007-2010 time period.
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Figure A6: State Level Wage Growth vs Employment Rate Change: 2007-2010
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This figure shows a scatter plot of changes in wages against changes in the employment rate over the 2007-
2010 time period. Wages are computed as in section 1.5.
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Figure A7: MSA Level Wage Growth vs Employment Rate Change: 2007-2010
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This figure shows a scatter plot of changes in wages against changes in employment over the 2007-2010 time
period for MSAs across the United States. Wages are computed as in section 1.5.
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Figure A8: County Level Wage Growth vs Employment Rate Change: 2007-2010
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This figure shows a scatter plot of changes in wages against changes in employment over the 2007-2010 time
period. Wages are computed as in section 1.5. The geographic unit of observation are counties
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Figure A9: State Level Price Growth vs Employment Rate Change: 2007-2010
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This figure shows a scatter plot of changes in local prices against changes in the employment rate over the

2007-2010 time period. The geographic units of observation are states. Prices and the employment rate are
computed as in section 1.5.
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Figure A10: MSA Level Price Growth vs Employment Rate Change: 2007-2010

14

12 -

Jany
o

Percentage Change in Prices 07-10

b=0.075 t-stat=2.02 R2=0.011

2 | | | | |
-20 -15 -10 -5 0 5
Percentage Point Change in Employment 07-10

This figure shows a scatter plot of changes in local prices against changes in the employment rate over the
2007-2010 time period. The geographic units of observation are MSAs. Prices and the employment rate are
computed as in section 1.5.
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Figure A11: County Level Price Growth vs Employment Rate Change:
2007-2010
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This figure shows a scatter plot of changes in local prices against changes in the employment rate over the
2007-2010 time period. The geographic units of observation are counties. Prices and the employment rate
are computed as in section 1.5.
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Figure A12: State Level Real Wage Growth vs Employment Rate Change:
2007-2010
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This figure shows a scatter plot of changes in local real wages against changes in employment rate over the
2007-2010 time period. The geographic units of observation are states. Wages, prices and employment are
computed as in section 1.5.
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Figure A13: MSA Level Real Wage Growth vs Employment Rate Change:

2007-2010
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This figure shows a scatter plot of changes in local real wages against changes in employment rate over the
2007-2010 time period. The geographic units of observation are MSAs. Wages, prices and employment are
computed as in section 1.5.
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Figure A14: County Level Real Wage Growth vs Employment Rate Change:
2007-2010
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This figure shows a scatter plot of changes in local real wages against changes in employment rate over the
2007-2010 time period. The geographic units of observation are counties. Wages, prices and employment
are computed as in section 1.5.
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Figure A15: Net Asset Growth vs Employment Rate Change: 2007-2010
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This figure shows a scatter plot of changes in local net assets against changes in the employment rate over
the 2007-2010 time period. The geographic units of observation are states. Net assets and employment are
computed as in section 1.5.

1.12.2 Alternative Business Cycle Accounting Metrics

In this section I present additional metrics to measure the prominence of different wedges in
accounting for the fluctuations of employment and consumption. I present these metrics for

different combination of parameter values.
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Figure A16: Metric 1- Average Distance from Zero for Employment. Baseline
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This figure shows a scatter plot of the average distance from zero of the labor-wedge component of employ-
ment against the average distance from zero of the productivity-wedge component of employment. Each dot
represents a state. Values below the 45 degree line represent states for which according to the metric the
labor wedge played a more prominent role than the productivity wedge.
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Figure A17: Metric 2 - Movement towards Zero for Employment. Baseline
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This figure shows a scatter plot of the movements toward zero of the counterfactual of employment when the
labor-wedge is removed against the counterfactual of employment when the productivity wedge is removed.
Each dot represents a state. Values below the 45 degree line represent states for which according to the metric

the labor wedge played a more prominent role than the productivity wedge.
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Figure A18: Metric 3 - Variance Decomposition for Employment. Baseline
Parameters
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This figure shows a scatter plot of the fraction of the data accounted for the labor-wedge component of
employment against fraction of the data accounted for the productivity-wedge component of employment.
Each dot represents a state. Values below the 45 degree line represent states for which according to the
metric the labor wedge played a more prominent role than the productivity wedge.
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Figure A19: Metric 1- Average Distance from Zero for Consumption. Baseline
Parameters
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This figure shows a scatter plot of the average distance from zero of the intertemporal-wedge component of
consumption against the average distance from zero of the productivity-wedge component of consumption.
Each dot represents a state. Values below the 45 degree line represent states for which according to the
metric the intertemporal wedge played a more prominent role than the productivity wedge.
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Figure A20: Metric 2 - Movement towards Zero for Consumption. Baseline
Parameters
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This figure shows a scatter plot of the movements toward zero of the counterfactual of consumption when
the intertemporal-wedge is removed against the counterfactual of comsumption when the productivity wedge
is removed. Fach dot represents a state. Values below the 45 degree line represent states for which according
to the metric the intertemporal wedge played a more prominent role than the productivity wedge.
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Figure A21: Metric 3 - Variance Decomposition for Consumption. Baseline
Parameters
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This figure shows a scatter plot of the fraction of the data accounted for the intertemporal-wedge component
of consumption against fraction of the data accounted for the productivity-wedge component of consumption.
Each dot represents a state. Values below the 45 degree line represent states for which according to the metric
the intertemporal wedge played a more prominent role than the productivity wedge.
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Figure A22: Metric 3 - Variance Decomposition for Employment. Parameters
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This figure shows a scatter plot of the fraction of the data accounted for the labor-wedge component of
employment against fraction of the data accounted for the productivity-wedge component of employment.
Each dot represents a state. Values below the 45 degree line represent states for which according to the
metric the labor wedge played a more prominent role than the productivity wedge. Here the parameter values
are changed from the baseline values of (o = 2,¢ = 2) to the values of (0 =1, =2)

127



Figure A23: Metric 3 - Variance Decomposition for Employment. Parameters
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This figure shows a scatter plot of the fraction of the data accounted for the labor-wedge component of
employment against fraction of the data accounted for the productivity-wedge component of employment.
Each dot represents a state. Values below the 45 degree line represent states for which according to the
metric the labor wedge played a more prominent role than the productivity wedge. Here the parameter values
are changed from the baseline values of (o = 2,¢ = 2) to the values of (0 =2, =1)
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Figure A24: Metric 3 - Variance Decomposition for Consumption. Parameters
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This figure shows a scatter plot of the fraction of the data accounted for the intertemporal-wedge component
of consumption against fraction of the data accounted for the productivity-wedge component of consumption.
Each dot represents a state. Values below the 45 degree line represent states for which according to the metric
the intertemporal wedge played a more prominent role than the productivity wedge. Here the parameter values
are changed from the baseline values of (o = 2,¢ = 2) to the values of (0 =1, =2)
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Figure A25: Metric 3 - Variance Decomposition for Consumption. Parameters
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This figure shows a scatter plot of the fraction of the data accounted for the intertemporal-wedge component
of consumption against fraction of the data accounted for the productivity-wedge component of consumption.
Each dot represents a state. Values below the 45 degree line represent states for which according to the metric
the intertemporal wedge played a more prominent role than the productivity wedge. Here the parameter values
are changed from the baseline values of (o = 2,¢ = 2) to the values of (0 =2, =1)
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1.12.8  Solution to Regional Model

In the following two sections I explain in detail how to solve the baseline model of section 1.3
of the paper. This section presents the solution to the regional portion (in deviations from
the aggregate), which I call the regional model, while the next section presents the solution
to the aggregate portion, which I call the aggregate model. The model here allows for more
general processes for the shocks, in particular, I allow for them to be correlated with each
other.

The goal is to find a solution to the system of equations that describe each model; more
specifically, for a given model we want to find expressions of the endogenous variables as a
linear function of the exogenous processes. In the case of the regional model, the solution

will be of the form
[U~Jt7 Btaﬁb ﬁ%], - P |:U~}t—17 Et—l] + Q[:y(iua 2%&)7 22&07 g%d]/

where P and Q are matrices whose elements are functions of the parameters of the model.

The goal of this section is to explain in detail how to find these two matrices.

1.12.3.1 Standard Preferences

Recall from section 1.6 that the log-linearized equilibrium conditions for the regional model

are:
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0 = By [miugy 41 — miugy — (g1 — Pr) — @o (0 — Pe + 7)) — 341 (1.13)

g = —oC (W — Pr + 7} (1.14)
Wy = Y — (1 —0)nf (1.15)

1 /NY N*
Wt = A (ﬁt +E& + - <—ﬁ% + —ﬁf) + o (¢ — Pt +ﬁ%)) + (1 =N (1.16)

o \ N N
- ~ X 5 B
bp=01+r)b-1+ 5 (f —7f) (1.17)
W =pr— (1= (a+08) i — B(1—0) (A —af) + 7~ + Bz (1.18)
A—1

where the wedges follow the following stochastic processes

< < s = ~ ~ ~
g Py Py Py Pye g Oy Oyy Oyz Oye Y
el i Gyy Oy Oyp O Tiid
t | Pyv Py Pyx Pye t—1 n yy 9y Oyxz Oye ¢
%Ew Pxy Pzy Px  Pxe 5?31 Oxy Ozy Oz  Oge @f
g(f Pey  Pey Pexr  Pe gl{gu_l o €y o €y Ocx O {)te

1.12.3.2  Algebra Work

In this section I drop the tildes and the w superscripts from the wedge processes to simplify
notation. Let’s rewrite the system only in terms of two control variables [p,nY] and two

endogenous state variables [wy, b;]. Eliminate nj by using equation equation (1.15):
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1 1
u?tzif—(l—e)ﬁf:>nf:—1_6wt+1_9zf (1.15)

Euler Equation

The Euler Equation (equation (1.13)) is given by

0= E; [miugy 1 — miugy — (Bre1 — Pr) — o (@ — P + 1Y) — Y1)

Replacing in the expression for marginal utility (1.14)

0 = E; [—UC (th — Piy1 + nterl) +oC (wt —pt+ n?j)

— per1+ e — Po (we —pe+1f) — 1]

Multiplying out

0 = —O’CEt [le] + (O'C - 1) Et [thrl] — UCEt [niﬂrl}

+ (0C — @) wi + (—0C + 1+ @g) pr + (0C — Pp) nf — By [y41]

133



Using the stochastic processes we get

0 = —0CE;[w1] + (6C — 1) E¢ [pr41] — oCEy [H?JFJ
+ (0C —®g)wt + (—0C + 1+ Og) pt + (0C — Dg) nf

Yy x
= PYMt T PyyRe T PyxRt — Prett

Wage Setting Equation

The wage setting equation (eq. (1.16)) is given by

1 /NY N*
wg = A (pt+€t+ p (anJr an) +0<wt—pt+ni’)> + (1= A)wpq

Let’s rearrange it. Multiply out

ANY AN?T
0= —wt + )\pt + )\Et + gwn% + gwn% + )\(th — )\th + )\Unzt’l + (1 - )\) Wt—_1

Substitute in equation (1.15%)

A NY AN® 1 1
O:—wt—&—)\pt—kgﬁnt N (—wt+1_ezf> + Aow; — Aope + Aond + Xep + (1 — X) wy—y

Group like terms
1 AN*® A NY 1 AN?®
0:—(1+ —AU)U)t—&—)\(l—U)pt—i—(—&—)\a)nf—i— Sl e+ (1 — X)) wpq

1-0¢ N ¢ N 1-60¢ N
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Bond Equation

The bond equation (eq. (1.17)) is given by

X
by = (1 +?") by_1+ E (nf —n?)

Rearranging it,

X X
Oz—bt+§”f—§n%+(1+7‘)bt—1

Substitute in equation (1.15%)

X 1 1\ Xy
= — _— —_ —_— _— — 1 _
0 b“LB( 1_0wt+1_ezt) Bnt+( +7)bi—q

Group like terms

1 X X, 01

X
0= — = mwe = b — i + 4 (L4 7) by

1-68B

Producer First Order Condition

The producers’ choice is described by equation (1.18),

W =pr — (L= (a+0B) 7] — B(1—0) (Af — i) + 2/ + B}

135



Rearranging, multiplying out

O=-—wi+p—(L—a—08—3+08)n] —B(1—0)nf + 2z + Bf

Grouping like terms

O=-—wi+p—(L—a—B)nf —B(1—0)nf +z/ + B

Substitute in equation (1.15)

1 n 1
w
1—-0 ' T1-9

0:—wt—l—pt—(l—a—ﬁ)n%—ﬁ(l—ﬁ)(— Zf)—l—zi/-l—ﬁzf

Multiply out
0:—wt+pt—(1—a—ﬁ)nty+ﬂwt—6zf—l—zi/+ﬂzf
Group like terms

0:(B—l)wt%—pt—(l—a—ﬁ)n%/jng/

1.12.3.3 Matrix Representation and Solution

The matrix representation of the regional model is the following
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—oC 0 oC—-1 —-0oC Wil
0 0 0 0 bit1
0 - Et
0 0 0 0 Pt+1
0 0 0 0 Y,
ocC — ®g 0 —oC+1+ P
—(1+1—£(,g%—xa> 0 A(l-o0)
+
B—1 0 1
1 X
i ~10B —1 0
Py TPy — Pz Pre Tt
P S
+
0 1 0 0 zfF
1 X
i 0 O 108 O 1L €t i
0 0 0 0 Wi—1
1—-A 0 0 0 bi—1
+
0 0 0 0| pia
0 1+» 0 O ny_,

oC — ®g

Following Uhlig (1995), pages 9 and 10, we have a system of the form

0= Et [F$t+1 + G.Z't + th_l + LZt_;,_l + MZt]

241 = Nzg + €141
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where x; is a vector with the endogenous variables (jump and state variables) and z; is a vector of

E¢[ei41] =0

exogenous stochastic processes. In our case we have L = 0, and

—oC 0 oC-—1 —O'C_
0 0 0 0
0 0 0 0
00 0 0
0 —oC+1+ &
—x\J) 0 A(1—o0)
0 1
~1 0
_ 0 0 0 0_
I-x 0 00
0 0 00
| 0 147 00
—Py  —Pyy Pre  —Pre
0 0 ik A
0 1 0 0
o 0o 5% 0
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Py Pyy Pyz  Pre

Pyy Py Pyx  Pye

Pxy Pzy Pz Pzxe

Pey  Pey Pex  Pe

The solution we are looking for is of the form
xy = Pri1 + Qzn
In the case of the regional model,
[y, by, pr, 2] = P [@tfl, th] + Qe 2, 3 &)
Theorem 1 from Uhlig (1995) shows that P satisfies the following matrix quadratic equation
0=FP*+GP+H
Also, the same theorem shows that given P, matrix Q satisfies the following equation
VQ = —vec(LN + M)

where

V=N®F+I,®(FP+QG)

In order to obtain P, I use Theorem 3 in Uhlig (1995), page 15. With matrix P, straight applica-

tion of the above equations give us Q. The Matlab file PolicyRegionalStdPref.m computes these
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expressions and solves for P and Q.

1.12.3.4 Matrix Representation and Solution With Consumption

To use consumption, I use that ¢ = w; — py + 7 and replace p; by pr = Wy — & + 1. Matrix F,

becomes

F =
0 O 0 0
0 0 0 0
And matrix G becomes
1 0 oC—-1-9 1
_(erg%q) 0 —A(l-o) 234
G =
Ié; 0 -1 (a+B)
X X
~To 3 -1 0 ~B

1.12.3.5 GHH Preferences

In section 1.12.6 of this appendix I derive the following log-linearized model equilibrium conditions

for the aggregate economy with GHH preferences:
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0 = E¢ [mugrr1 — mige — (Pear — Be) — Po (W — pr + 1) — 41

o 1io [NV _ NT
(C(wt—pt‘i‘n?)—N ¢ (N”t+1+N”t+1)>

Tﬁut:—

g

® 1+¢
(C*WN ? )
B =5 (1—§)a?

i ., 1(Nv_, NT__ i
wt:/\(pt+et+¢<an+Nnt>)+(1—/\)wt_1

- X
by = (1+r)bt—1+§(ﬁf—ﬁf)
Wy = pr — (1 = (a+08))nf —B(1—0) (R —nf) + 2~ + Bz

A—1

1.12.3.5.1 Algebra Work The Euler Equation is given by
0 = E¢ [murer1 — muge — (pey1 — pe) — Po (wi — pe +nf) — Yesa]

NY N*

o ~ ~ ~ ¢ ~ ~
e (C (W — pr + n%’) —N ¢ <Nnt+1 + an+1>>
(€= ")

szut:—

Replacing in the expression for marginal utility

o 14+¢ ([ N* NY
0 = E; |- PN <C(wt+1_pt+1+n?+1)_N ¢ (Nntxﬂ—i-anH))
(C—mN ’ )
o i+¢ ([ N¥ NY
+ jEw (C(wt_pt+nty)_N ¢ <an+Nn%/>)
(€=t )

—  per1+ 00— Do (wr — pe + 1)) — Vi)
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Multiplying out

oC oC
0 = PRET) By [we] + PN L[ By [pesa]
(C_qub) (C—qub)
oC oN/oNY y
- 6 2y PRREE: Eq ["t+1}
oNY/oN= oC
<C_m]\7¢> (C—qub)
oC oC oN/oNy
+ — p 5o + 14+ P | pr + p TioN p e P nty
(C mN¢) (C—mz\w) (C—qus)
oNYeN=
- & 1te ntx E, [7t+1]
(C— TrglV ° )

To have a cleaner expression, let

and substitute

oC oC
0 = ——E¢[wen] + < — 1) Et [pe+1]
m m
oC oNY¢NY
- <m - m) B[]
oNYoN® . oC
+ TEt [nt+1] + (m — CI)()) Wt
oC cC oNY¢NY
+ ——F 14+ |+ | — — —
m m m

oN1/o Nz

- ng — By [yi41]
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Eliminate nf by using equation (1.15)

oC oC
0 = ——E¢|we] + ( - 1> Et [pe+1]
m m
oC oNYONY
_ = 7 VR WY
( o m ) t [nt+1]
oNY/oN= 1 1 oC
+ m E, [_ 1_ Hthrl + 1_02{;8+1:| + <m - (I)0> wy
C C N/oNv
+ <—U+1+(I)O>pt+ <U—U—<I>o n{
m m m
oNY/oN= 1 1

— - (1_9wt+1_ezf>Et[7t+1]

Grouping like terms

oC + oL NYeN® oC
0 = — 1-0 E; [we1] + ( — 1) E; [p41]
m m
oC oNYoNY oC + oL NVeN®
() g (o
™m ™m m
C C NYoNY
+ <—U+1+<I>Q)pt+ <U—U—<I>0 ny
™m m m
o NYeN®
— E¢[yen] + # (Bt [284] — 27)

Using the stochastic processes we get
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oC+oy L N/¢Ne oC
0 = Et [wis1] + ( - 1) Et [pe+1]
m m
oC  oNYoNvY oC + o, Nl/‘bN’:
- ( - ) B ) + = o |
m m m
C ocC  oNYoNY
+ (—U+1+<I>o>pt+< 7—‘1’0 ny
m m
— DYV Py — Prad — Pre€i
oL NVINT
+ (P ¥ Py + (P = 1) 2 + prcer)
Finally grouping like terms one more time
L oC+ U%NWNw oC
0 = 15 Ey [wey1] + (m - 1> E¢ [pe41]

UC—0N1/¢Ny)

it +

oC + oty NV/ONT <1>o> .

m

C C —oNYeNY
_g 1+‘1)0>pt+<0 g — @ nty

m m

m m

oL NYON® (p, — 1) oL NVON=p,
—Pyzt+ = 2+ | —pye t =

m m

To write these expressions in a more concise way, let

1
f=o7%
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g=0oNY*NY
The equation becomes

C+ C
0 = -2 fEt [wit1] + <U - 1) Ey [pr41]
m m

C— C+
z g)Et [nf 4] + (U - f—%)m

Wage Setting Equation

The wage setting equation is given by

1 /N* NY
Wy = A <pt+€t+¢ (an—i—an)) + (1—/\)wt_1

Let’s rearrange it. Multiply out

A NY A N*T
0= —ws+ Aps + aﬁn% + gwntx + Xer + (1 - A) W1
Substitute in equation (1.15’)
ANY AN* 1 1
Oz—wt‘i‘Apt‘Fan?"‘EW <—19U)t+ 102151) +A6t+(1—>\)’wt_1
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Group like terms

1 AN® ANV 1 AN®
=14+ — S Y, G M — 1— _
0 <+1—9¢N)wt+kpt+¢N”t+1—9¢Nzt+A€t+( A i

Bond Equation

The bond equation (eq. (1.17)) is given by

X
bt:(1+r)bt,1+§(nf—nf)

Rearranging it,

X X
0=—b+ Enf - Eni’ + (T +7r)b—

Substitute in equation (1.15’)

X 1 1 X
=-b+=|- T -= 1 -
0 bt+B< 1_0wt+1_6zt> Bnt—i-( +7) b1

Group like terms

1 X X 1 X
0:—7*wt—bt—En%+71_9§2f+(1+7")bt—1
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Producer First Order Condition

The producers’ choice is described by equation (1.18),

Wy = pr— (L= (a+0B))nf —B(1—0)(nf —nf)+Z + Bz}

Rearranging, multiplying out

O=—-w+p—(1—a—-08—-3+08)n — (1 —0)nf + 2/ + Bz}

Grouping like terms

O=—w+pi—(1—a—PB)nd —B(1—0)nf + 2/ + B2}

Substitute in equation (1.15’)

Lo
1-6" " 19

0:—wt+pt—(1—a—5)ni’—ﬁ(1—9)( zf>+z§’+5zi”

Multiply out

0=—w+p— (1 —a—PB)n! + Pw — B2] + 2/ + B2}

Group like terms

O0=B-1Dwi+p—(1—a—pB)n! +2z{
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1.12.3.6 Matrix Representation and Solution

The matrix representation of the regional model is the following

C C—
S UL B Wit
0 0 0 0 b1
0 = E;
0 0 0 0 P41
0 0 0 0 n?,
C+ C C—
o0t 0 —C+1+0, 2909
1 AN® A NY
—(1+ﬁaw> 0 A SN
+
B—1 0 1 ~(1-a-p)
1 X X
i ~19B —1 0 -5 |
X X xT 1 ZT€E
—pv+fﬁﬂ p7y+fizy pvx+f(pm ) _pve"’%
1 AN®
0 0 05 N A
_|_
0 1 0 0
0 0 % 0
0 0 0 0 We—1
1-—A 0 0 0 bi—1
_|_
0 0 00 Di_1
0 147 0 0| nY,
where
¢
mEC—iN%
1+¢

we
by

Dbt




1
f=o7"5
g=oNY*NY

Following Uhlig (1995), pages 9 and 10, we have a system of the form
0=E;[Friy1+ Gry+ Hrp—q + Lzpy1 + Mz

241 = Nz + €441
E; [e441] =0

where x; is a vector with the endogenous variables (jump and state variables) and z; is a vector of

exogenous stochastic processes. In our case we have L = 0, and

C+ C C—
_Umif 0 €1 %=
0 0 0 0
F:
0 0 0 0
0 0 0 0
ocC+f C cC—
e 0 —2=+1+% mg d
1 AN= ANY
—<1+maw) 0 A 3N
G =
B—1 0 1 G ——))
1 X X
i ~10B —1 0 B ]
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H =
0 0 00
0 147 0 0
€T T X 1 Zre
—py Tt fp# —Pyy T pry Pyt f(pm ) —Pyet pr
0 0 2530 A
M= T0¢ N
0 1 0 0
1 X
i 0 0 =k} 0 ]
Py Pyy Pyx Pre
Pyy Py Pyz  Pye
N =

Pzy Pzy Pz Pxe

Pey  Pey Pex  Pe

The Matlab file PolicyRegional GHHPref.m computes these expressions and solves for P and Q.

1.12.3.7 Matrix Representation and Solution With Consumption

To use consumption, I use that ¢; = w; — py + 1y and replace p; by pr = Wy — é& + ny. Matrix F,

becomes
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~1-L 0 1-2¢
0 0 0
=
0 0 0
0 0 0
And matrix G becomes
1+ L - 0 2€-1-a
—(1+%AM—A) 0
G- T—0¢ N
I3 0
1 X
I ~19B -1
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1.12.4 Solution to Aggregate Model

In this section I explain in detail how to solve the aggregate model. I will do so by allowing a more
general process for the shocks, in which they are allowed to be correlated. The goal is to find a
solution to the system of equations that describe the aggregate model in which the the endogenous

variables 7", wj, n; are expressed as a linear function of the exogenous processes:

[wga’rr;uant}/ = Q[’.vaz;u76f]/

where @) is a matrix that is a function of the structural parameters of the model. The goal of

this section is to find matrix Q.

1.12.4.1 Standard Preferences

Recall from the Estimation section in the paper (section 1.6) that the log-linearized model equilib-

rium conditions for the aggregate economy are given by:
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0 =By [mugs1 — muy — mop1 — Y5 ] + 0xBe o] + oy (W) +ne — ) (1.7)

mu; = —oC(w] + ny) (1.8)
TR (T (wi +ne) — wy (1.9)
wy =—(1—(a+6p8))nt + 2/ (1.10)
Tep1 = iy — (Wi —wy) (1.11)
y =z e (1.12)
A—=1

Where the wedges follow the AR(1) process

w w v
Ve 70 Py Pyz Pre Tt-1 Oy Oyz One Uy
2w | T | T Pzy Pz Pze z0y | T Ozy Oz Oz uf
€ €0 Pey  Pez  Pe E;J_l Ocy Oez Oc¢ ug

1.12.4.2  Algebra Work

Let’s rewrite the system only in terms of [, wf, ng].

Euler Equation

The Euler Equation (equation (1.7)) is given by

0 = E; (mugr1 — mug — g1 — Y1) + @pBe (Teg1) + @y (W] + 1y — )
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Replace the expression from equations (1.8), (1.11), and (1.12):

0 = Ei[—0C(wii; +nu1)]
4+ Ei [0C(w] +ne) — Ty +wipy — wi — Y]

+ ol (ﬂt“jrl —wy + w{) + @y (Wi +ny — 127 — ner)

Replace equation (1.10) into the marginal utility expressions:

0 = Ei[-0C(=(1—(a+08))ms1 + 281 + nu41)]
+ By [0C(— (1 — (a+08)) ne + 2 4+ ny) — T'q + wiyy — wf — 754

+ opBy (7 — wip +w)) + @y (W] + 1y — 0z — ne)

Group like terms in the expectation terms

0 = Ei[-0C((a+6B)nus1 + 2]
+ By [0C((+08) ny + 2¢) — mihq +wipy — wi — Y]

+ e (7#—;4-1 - w;—i-l + w:) + Py (wi +ng — 12 — nef’)

Group like terms again
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0 = (1—p) B (wiy) + (ep— 1) Ee (nfh1) — 0C (a4 08) Ey (ne41)
=+ (‘Py‘f"Pp_ 1)w{+(aC(a+65)+g0y)nt

E; (’Yf+1) —oCE, (Zfeu+1) +0Czf — pyizy — pyney

Using the autoregressive expression for the exogenous processes we have everything in terms of

these processes at time ¢

0 = (1—p) Bt (wig) + (wp — D Ee (7%1) — 0C (a + 08) By (ne11)
+ (py+op—Dwi + (cC (a+65)+ ¢y) ne

P’y%(tu - P'yzzf - p%ef - '78) —oC (pzv%‘t‘) + p22f + e + 28)) +oCz — ‘PyLZthU - %?76%"

Finally grouping like terms

0 = (1—¢p)E (w;rl) + (pp — 1) Eq (Wﬁrl) —oC (a+0B)E; (n441)
+ (py +op— 1w + (0C (a+0B) + ¢,) n
+ (=py =0Cpzy) 7 + (0C (1 = p2) = pyz — pyt) 2

+ (_Ucpze - Pve - @yn) 6;} - 78) - UCZ(L)O
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Wage Setting Equation

The wage setting equation (eq. (1.9)) is given by

A 1
T = —— &+ —n —wi
()

Multiply through by (1 — \)

1
(1—)\)7r,§”:/\(ef+¢nt—w{>

Rearranging we get
1
0 = Ao—Dw, —(1-=N)7"+ A <¢+O'> ne + Aep

A Al A

S S S VL e

Labor Demand Equation

The labor demand equation (eq. (1.10)) is given by

wy =—(1—(a+0p8))n + 2/
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Rearranging we get

0 = —wj+((a+08)—1)n +2

1.12.4.3 Matrix Representation and Solution

Setting the mean of the stochastic processes equal to zero, the matrix representation of the system

above is the following

l—¢p op—1 —0C(a+6p) Wi
0 = 0 0 0 Ee | 7y
0 0 0 N1
Yp+py—1 0 oC (a+0p) + ¢y wy
+ | Ae—-1) —(1-»N A(ém) .
-1 0 ((a+68) - 1) e
r 11
—py = 0Cpzy 0C (1= ps) = pyz — oyt —0Cpse — pre —pyn —75 — 0Czf
2t
+ 0 0 A 0
€
0 1 0 0
- 1

Following Uhlig (1995), pages 9 and 10, we have a system of the form

0=E;[Friy1+ Gry + Hri—1 + Lzip1 + Mz
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241 = Nzg + €141
E¢[et41] =0

where z; is a vector with the endogenous variables (jump and state variables) and z; is a vector of

exogenous stochastic processes. In our case we have H = 0, L = 0, and

l—gp op—1 oC(a+0p)

Yp+y—1 0 Cla+0p8)+ ¢y
G=| Xo-1) —(1-\) A(;H)

-1 0 ((a468) —1)

Py Uszv oC(1—p.)— Pz — Pyt —0Cpze — Pye — Py =70 — oCzy
0 0 A 0
M=
0 1 0 0
0 0 0 0
Py Pyz Pre 6
Pzy Pz Pze ZE)U
N —

Pey  Pez Pe €

0 0 0 1
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The solution we are looking for is of the form

xy = Pxi 1 +Qz

In the case of the aggregate model, there are no endogenous state variables and therefore we have

T; = @Qz. In terms of the model notation this is

[wi, 7 ] = Qr, 2 €, 1)

Using Theorem 1 from Uhlig (1995), matrix @ satisfies the following equation

VQ = —vec(LN + M)

where

V=N®F+1I;®(FP+G)

Since for the aggregate model P = 0, L = 0, the solution is just

VQ = —vec(M)

with

V=N®F+I;®(G)

The Matlab file Policy AggregateStdPref.m computes these expressions and solves for Q.
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1.12.4.4 GHH Preferences

In section 1.12.5.1 of this appendix I derive the following log-linearized model equilibrium conditions

for the aggregate economy with GHH preferences:

0 =Bt [mugr1 — mug — w1 — 3] + @Bt [mep] + @y (w0 + 1y — y")

o 1t
mug = — PR (C(w§+nt)—N ¢ nt)
( —m]\”’)
w )\ w 1 T
Ty =1 € —f—gnt—wt

wi = — (1= (a+0p8))ns + 2¢
— w s s
Tt = My — (Wi — wy)
y" =+ e

A—1

1.12.4.5 Algebra Work

Let’s rewrite the system only in terms of [m}”, w], ny].

Euler Equation

The Euler Equation is given by

0 = E; (mugr1 — mug — g1 — Y1) + @pBe (Teg1) + @y (W] + 1y — )
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Replace the expression from equations of marginal utility for GHH preferences, (1.11), and (1.12):

o , 1t
0 = E |- PRPNEE (C(wt+1 +ngp1) = N ¢ nt+1>
| (e-N )
E o C 'S _ N% _ w ' _ ' _ w
+ e (wy +ne) Ng) — Ty + Wy — Wy — V1
CREARY

+ oplie (mih — wiyy +wp) + ey (W) 0 — 1z —ner)

Replace equation (1.10):

o w 119
0 = E |- PRNEE) (C(—(l—(a+95))“t+1+zt+1+“t+1)—N ¢ nt+1)
C—-— N9
L 1+¢
E o C(=(1- eﬁ w _N% _w r o AW
+ t 5 e (—( (a+08))n: + 2 +n4) Uz Top1 T Wy — Wy — Vi1
(C-5N)

+ ol (e —wiy +wp) + oy (Wi + e — 02— ney)

Group like terms in the expectation terms

0 = E, _(C ;ng(ﬁ) ((C(a+9ﬁ)—N%)nt+1+Cz;;1)
L Y1
+ E ( ;NT’) ((C(a+96)—zv%) nt—l—C'Z,‘;’) —w;”+1+w;+1_w;_%w+1]
[\& s

+  pls (77715”+1 — Wiy + w;) + oy (Wi +ny — zf —ne;)
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Group like terms again

0 = (1—¢p)Er (wiyr) + (wp — 1) Er (m%) —

C— N *
1+¢
+ (py+op—1)wi + oCla+05) _i];[ ’ + @y | 7
C— %NT
Et (741) — < o B (#) + < TN A Pyt — pyner
(0_ %z\w) <C— %J\Mﬁ)

Using the autoregressive expression for the exogenous processes we have everything in terms

of these processes at time ¢

Cla+08) —oN &
oC (o + —0
5Bt (n41)

¢ =1z
C’—mN [

0 = (1) B (ufyy) + (o~ 1) B (o) -

)
oC(a+6p)—oN ¢
e T R

+ (py+op—1)wi+

_ % N
Ol ?
oC(1—p)
— PV~ PyzE — Pye€d — 0 T . iﬂ —vpy | 2
C— N
oC
—E (P28 + pzect + 28) — pyne?
o e ®)

To have a cleaner expression, let

s=a+ po
=
=C—-———N ¢

m 1o
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and substitute

1+¢
ocCs—oN ¢
0 = (1—wp) Bt (wiyy) + (pp—1) Bt (m3%1) — -
1+¢
cCs—oN ¢
+ (py+ep—1)w + oy | net

oC(1 - pz)
— PV = Py = Pyef =0 (TZ - Lsﬁy) 2z

oC

F (IOZ’Y’Y%U + pre€f + Z(f)u) - SOynétu

Finally, grouping like terms

1+¢
cCs—oN ¢
0 = (1 - gop) E; (wt+1) + (@p - 1) Et (WtJrl) o m
1+¢
, cCs—oN ¢

+ (g +op—1)wi + + oy | e

oC oC(1—pz)
+ <_,07 - _sz) Ve ( (m = - tey p72> “t

oC oC

+ T Pze — Pyl — Pye | & 0 T A0

Wage Setting Equation

The wage setting equation (eq. (1.9)) is given by

A 1
W%U:m (Et“—gnt—wg)
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Rearranging we get

B A W Al A
O = —gw =™ gt
Multiply through by (1 — \)
r w )\ w
0 = —)\wt — (1 — )\) Tt + —ns + )\Et

¢

Labor Demand Equation

The labor demand equation (eq. (1.10)) is given by

wp == (1= (a+08))ns + 2

Rearranging we get

0 = —w; + ((a+68) —1)nt + z¢

1.12.4.6 Matrix Representation and Solution

Setting the mean of the shock processes equal to zero, the matrix representation of the

system above is the following
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' e '
l—¢p op—1 —F==2m— (CH
0 = 0 0 0 Ee | #py
0 0 0 N1
' Coon '
Ypt+y—1 0 = + oy wy
+ Y —(1=X) 3 '
-1 0 s—1 n
[ c C(1—p-=) c C i
—Py — %pzv sz — Py = Pz _%pze — Pyl = Pre o (i %ZSJ
2
+ 0 0 A 0
€
0 1 0 0
- 1

Following Uhlig (1995), pages 9 and 10, we have a system of the form

0 = Et [FJTt_A'_l + G[L't + H:L‘t_l + th—l—l + MZt]

zt41 = Nz + €041

E¢[ei41] =0

where z; is a vector with the endogenous variables (jump and state variables) and z; is a

165



vector of exogenous stochastic processes. In our case we have H =0, L = 0, and

- 146
1—p op—1 _%
F=1 0 0 0
0 0 0
90p+90y_1 O O'CS—?r'LN +80y
G = _ —(1 - A
A (1—=2X) ¢>
-1 0 s—1
C(1—p.
—Py— %Pm % — Py = Pyz —%Pze — Pyl — Pye
0 0 A
0 1 0
0 0 0

Py Pyz Pre 78)
Pzy Pz  Pze Z((')u
Pey  Pez  Pe G‘ff

0 0 0 1

The solution we are looking for is of the form

rt = Py 1+ Qz

166




In the case of the aggregate model, there are no endogenous state variables and therefore we

have z = (Qz. In terms of the model notation this is

wi,m ne) = Qv 2, &)

Using Theorem 1 from Uhlig (1995), matrix @ satisfies the following equation

V(@) = —vec(LN + M)

where

V=N®@F+I,®(FP+QG)

Since for the aggregate model P = 0, L = 0, the solution is just

VQ = —vec(M)

with

V=NoF+I,2(G)

The Matlab file PolicyAggregateGHHPref.m computes these expressions and solves for Q.
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1.12.5 Aggregation Results

1.12.5.1 Aggregation Result 1 - Aggregate Economy

First, after adding up equations (1.22), (1.24), and (1.28) we have that n%t = ng,. Adding

up equation (1.22):

1 1 1 1 1
Z ?O = ; ?z,ft— 4 ?wkt—i—; §qt—(1 —0) ; ?n%t = 0=z{—wi+q—(1 —0)nf

Adding up equation (1.28)

1 1 1 1
— Y Y
Ek Tpt = Ek ny, + Ek Wit gk gt = T ="nj +wr— G

Combining these,
w—q =2z —(1—0nf = —n{ = x =2 —(1—0)nf +nf
Finally dividing through by K in equation (1.24)
Zixktzzi(z” +0n3,) = x =z +0nf
K K kt kt
k k
Combining these we get

xp =2 +0nf =2f — (1—0)nf +n! = n =nf
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Now let’s add up the other equations. Equation (1.19) becomes
0=Es [mugr1 — mug — w1 — o (¢t — ¢r) — Vg1 + oale (1] + oy (v — )]

0 = E¢ [mugy1 — mup — w1 — Y1) + oaBt [me1] + @y (e — y7)

Equation (1.20) becomes:

muy = —oClcy

Equation (1.21) becomes:

wy = A <ef + %nt + act) + (1= X) (wy_q — )
Equation (1.23) just says ny = nf = n. Equation (1.29) becomes:

ot =wf +nf =wp +mny
Equation (1.30) becomes:

wf == (1= (= 08)) nf+2f*+ 527 = = (1= (o + 08)) mert2f*+ B2 = = (1 = (o + 08)) my-+

where we used that z’ = z%’w + Bzf*. Replacing y; = ¢; and ¢; = wj + ny and noting that

> 1 bt = 0 we get the following 4 unknowns (wj ,n¢,m41,muz 1) and 4 equations:
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0 =Es [mugy1 — mug — w1 — 1] + enBt (] + @y (Wi 4+ ng — y¥)
muy = —oClcy

1
wy = A <ef + 5nt + act) + (1= X) (wy_y — )

wip =—(1—(a+68))ne + 2

Notice that this system of recursive equations has three exogenous state variables and one
endogenous state variable, w;_1. It terms of solving the model it may be easier to get rid
of the endogenous state variable. To this purpose, using that mp 1 = 7t | — (w{ 1wy )

rewrite the wage setting equation as follows

1
wy = \ (e%” + 571,5 +act) + (1= N) (wj_q — )
1
wy = A (e%"+ant+act) + (1= X) (wy — ")
1
1-=N7m"=A (e%‘]+$nt+act) + (1 =N w; —wj
A 1

GHH Preferences Equation (1.31) becomes:

CCt — NTTLt

o 1+¢
mut = — ¢ 4o < )
(o= ™)
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Equation (1.32) becomes:

af = A (¢ Sne) (1= ) ufy - )

1.12.5.2 Summary

Standard Preferences In sum, the evolution of the aggregate economy is characterized

by:

0=E¢ [mugr1 — mug — me1 — V1] + oale 1] + @y (wf +ng — y*) (1.7)
mug = —oC(w; + ny) (1.8)

w A w 1 T T
=1y (€t + P +o(wp +n¢) — wt) (1.9)
wi =—(1—(a+608))n + 2 (1.10)
Tl = i — (wiyq — wy) (1.11)
y* =zt + nef (1.12)
Aol (77)
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GHH Preferences

0 =Bt [mugy1 — muy — w1 — yE] + onBt [me1] + oy (wf +ng — )

o , 1+¢
mug = — T Clwy +ng) =N ¢ my
(C—i]\/¢)
A

wy =—(1—(a+68))nt + z¢

—_ w T '
T4l = Tyl — (wt+1 - wt)
y" = zp +nef

A—1

1.12.6  Aggregation Result 2 - Regional Economies

Now we express the evolution of the regional economies as log-deviations from the aggregate.

Let &4 = xpp —x¢. Start with equation (1.23) as it will be used in some of the other equations:

Nnjy = NYnjl, + N*ni,

Summing over k and dividing through by K:

Nng = NYn{ + N¥nf
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Subtracting we get:

NY NE
NM:M%%N%f:>m:W%%fﬁW

Do the same for equation (1.29))

_ T Yy
Cit = Wpy + om

and obtain

¢t = wj +nf

which can be written as

& =Wy — pr + 0y

Finally, take equation (1.28) and write it also in deviations from the aggregate:

i”t:fl%/—f—ﬁ)t

(1 0A)

(2 OA)

(3 OA)

Now re-write all the other regional equations in deviations from the aggregate. Sub-

tracting the aggregate Euler Equation (1.7) from the regional Euler Equation (1.19), and

obtain:

0=E; [muggr1 — miuge — (Bra1 — br) — o (@ — pr + 1f) — 7¢1]

Subtracting the aggregate marginal utility (1.8) from the regional (1.20) for standard pref-

erences obtain:
'rhut = —oC 5,5
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and for GHH preferences obtain

o 144
g = — — (Oét—N¢ﬁt)
(C _ o N¢>
Replacing (1 OA) and (2 OA), the expressions for marginal utility in both cases become

g = —oC (W — pr + 1Y)

. _ L 146 /NY _ NZT
mug = — (C’(wt—pt%—ni’)—]\f ¢ (WnHl%—anH))

g
p 1+¢
(C—mN ’ )

Equation (1.22) becomes
0= 3% iy — (1— 0) il = by = 5% — (1 — 0) Al

Let’s first write equations (1.21) and (1.32) in terms of wages and prices. For standard

preferences

1

w,:t =\ <e°,§t + g_zﬁnkt + O’th) +(1-=2X) (th—l — Wkt)
w 1

W — Pt = A | €5 + s +ocpe | + (1= N) (Wkt—1 — Prt—1 — (Prt — Prt—1))

1
Wrt = A <pk:t + €y + 5”1@ + 0%) + (T = A wy—y

For GHH preferences
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1
th =\ (G%t + 571/%) +(1—=X) (th—l — Wkt)
w 1
Wrt — Pt = A | € + 5nkt + (1= A) (wrg—1 — Pre—1 — Pkt — Pht—1))

1
Wit = A (pkt + €y + g_bnkt> + (1= A) wig—q

Using (1 OA) and ( 2 OA), these two equations in deviations from the aggregate can be

written as
1 (N N*
wy = A <pt + & + " (Wﬁt + Wﬁf) + (W — pr + n?)) + (1= X)) wy_q
1 /NY N*
wt = A (ﬁt +€t + g (Wﬁt + Wﬁ%)) + (1 - )\) UNJt_l

Equation (1.27) becomes
b, — 7 { TW ~r =
by =(1+7r)b—1+ 5 (Zi + 0ny — 3y)
Using equation(3 OA)

~ ~ X
be = (L+7r) b1+ 5 (Ff + 00f — 7y — )
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From equation (1.22) in deviations from the aggregate (see above), we get

~ ~ X
by = (1 —I—T) b1+ E (ﬁf —ﬁ%)

Equation (1.30) becomes

W =pr— (1= (a+0B) A — B(1—0) (Af —a]) + 2/ + Bz

1.12.6.1 Summary

Standard Preferences In sum, the evolution of the aggregate economy with standard

preferences is characterized by:

0 = B¢ [miugs1 — miugy — (Brr1 — Br) — Po (@0 — P+ 77 ) — 31 (1.13)
g = —oC (W — Pr + 7} (1.14)
Wy = Y — (1 —0) i (1.15)
Wy = A (ﬁt + & + % <NWynf + %nf) + o (s — Pt + ﬁf{)) + (1= N ay—q  (1.16)
be = (1+7) Bt_1+%(ﬁf—ﬁ§) (1.17)
W =pr — (1 — (a+08))a] — B(1—0) (Af —iY) + 2/ + Bz~ (1.18)
A—1
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GHH Preferences In sum, the evolution of the aggregate economy with GHH preferences

is characterized by:

0= Ey [miugy1 — miugy — (a1 — Pr) — Do (@ — pr + 1Y) — 7¢1]
o ~ L o /NY N?T _
B 1o (C (e —pe+7f) = N9 (Wn‘?ﬂ + W“?ﬁ))
)
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CHAPTER 2
THE AGGREGATE IMPLICATIONS OF REGIONAL

BUSINESS CYCLES

written jointly with Martin Beraja and Erik Hurst

2.1 Abstract

We argue that it is difficult to make inferences about the drivers of aggregate business cycles
using regional variation alone because (i) the local and aggregate elasticities to the same
type of shock are quantitatively different and (ii) purely aggregate shocks are differenced out
when using cross-region variation. We highlight the importance of these issues in a monetary
union model, and by contrasting the behavior of US aggregate time-series and cross-state
patterns during the Great Recession. In particular, using household and retail scanner
data for the US, we document a strong relationship across states between local employment
growth and local nominal and real wage growth. These relationships are much weaker in US
aggregates. In order to identify the shocks driving aggregate (and regional) business cycles
we develop a methodology that combines regional and aggregate data. The methodology
uses theoretical restrictions implied by a wage setting equation that holds in many monetary
union models with nominal wage stickiness. We show how to estimate this equation using
cross-state variation—thus linking particular regional patterns to particular aggregate shock
decompositions. Applying the methodology to the US, we find that a combination of both

"demand” and "supply” shocks are necessary to account for the joint dynamics of aggregate
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prices, wages and employment during the 2007-2012 period while only ”"demand” shocks are
necessary to explain most of the observed cross-state variation. We conclude that the wage
stickiness necessary for demand shocks to be the primary cause of aggregate employment
decline during the Great Recession is inconsistent with the flexibility of wages estimated

from cross-state variation.

2.2 Introduction

A large and growing literature is exploiting regional variation to learn about the determi-
nants of aggregate economic variables.! However, we argue that making inferences about
the aggregate economy using only regional variation is complicated by two issues. First, we
show that, in a monetary union model, local and aggregate elasticities to the same type of
shock are quantitatively different both because of factor mobility and general equilibrium
forces. This discrepancy makes it problematic to use local shock elasticities estimated from
regional data to ascertain the importance of a given aggregate shock. Second, purely ag-
gregate shocks get differenced out when using cross-region variation. As a result, it is not
possible to learn anything about these aggregate shocks by exploiting variation across re-
gions. Furthermore, we provide evidence of both these issues by contrasting the behavior of
US aggregate time-series and cross-state patterns during the Great Recession. We document
a strong relationship across states between local employment growth, and local nominal and

real wage growth. These relationships are much weaker in US aggregates. In summary, we

1. For recent examples, see Autor et al (2013), Charles et al (2015), Hagedorn et al (2015), Mehrotra and
Sergeyev (2015), Mian and Sufi (2014) and Mondragon (2015).
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cannot expect to understand the joint evolution of aggregate variables by using cross-regional
variation alone.

Therefore, we present a methodology that uses regional data along with aggregate data
in order to identify aggregate shocks driving business cycles. The methodology exploits the-
oretical restrictions implied by a wage setting equation that hold in many monetary union
models with wage stickiness. In turn, the extent to which aggregate wages are sticky is a key
restriction in identifying the type of shocks driving aggregate fluctuations (e.g., ”demand” vis
a vis "supply” shocks)2. Under certain conditions, we show how to use cross-region variation
in wages, prices, and employment to estimate this wage setting equation—thus parameteriz-
ing the theoretical restrictions and linking regional business cycles to shock decompositions
of aggregate business cycles.

Using household and retail scanner data for the US, we construct state-level wage and
price indices as well as a measure of employment. Given the strong comovement of wages and
employment across states, our estimates of the wage setting equation suggest that wages are
relatively flexible—thus limiting the contribution of "demand” shocks to aggregate employ-
ment decline during the Great Recession. Instead, we find that a combination of ”demand”
and other shocks are necessary to account for the joint dynamics of aggregate prices, wages
and employment during the 2007-2012 period. In particular, the relative stability of aggre-

gate wages in the time-series compared to state-level wages is not caused by wage stickiness,

2. We refer to a "demand” shock as a shock that moves employment and real wages in opposite directions
and moves employment and prices in the same direction. In the model of the monetary union we develop
below, these shocks can be formalized as shocks to the household’s discount rate or as shocks to the aggregate
nominal interest rate rule. Our model also allows for a productivity /markup shock and a shock to household
preference for leisure.
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but because different aggregate shocks have relatively offsetting effects on aggregate wages.
We conclude that the wage stickiness necessary for demand shocks to be the primary cause of
aggregate employment decline during the Great Recession is inconsistent with the flexibility
of wages estimated from cross-state variation.

The paper is organized as follows. In Sections 2.3 and 2.4, we begin by documenting a
series of new facts about the variation in nominal and real wages across US states during
the Great Recession. Using data from the 2000 US Census and the 2000 - 2012 American
Community Surveys (ACS), we construct state-level nominal wage indices during the 2000
to 2012 period. We restrict our sample to full time workers with a strong attachment to
the labor force. We adjust our wage measures to cleanse them from observable changes in
labor force composition over the business cycle. In order to construct a measure of real
wages we deflate our nominal wage indices with state-level price indices created using data
from Nielsen’s Retail Scanner Database. The Retail Scanner Database includes weekly prices
and quantities for given UPC codes at over 40,000 stores from 2006 through 2012. While
the price indices we create from this data are based mostly on consumer packaged goods,
we show how under certain assumptions the indices can be scaled to be representative of
a composite local consumption good. Furthermore, we show that an aggregate price index
created with the retail scanner data matches the BLS’s Food CPI nearly identically.

Using our indices, we show that states that experienced larger employment declines be-
tween 2007 and 2010 had significantly lower nominal and real wage growth during the same
time period. These cross-state patterns stand in sharp contrast with the well documented
aggregate time-series trends for prices and wages during the same time period. As both ag-
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gregate output and employment contracted sharply in the US during the 2007-2012 period,
aggregate nominal wage growth remained robust and real wage growth did not break trend.?
In sum, while aggregate wages appear to be sticky during the Great Recession, state-level
wages do not.

In Section 2.5, we present a monetary union model that we use for two purposes. First, a
calibrated version of the model allows us to sign the elasticities to a given shock and quantify
the differences between aggregate and local elasticities. Second, the model makes explicit
assumptions that are sufficient to estimate the parameters in an aggregate wage setting
equation using cross-state variation in employment, wages and prices. As we highlight below,
these parameters help us identify the underlying aggregate drivers of the joint dynamics of
employment, wages and prices.

The model has many islands linked by trade in intermediate goods which are used in
the production of a non-tradable final consumption good. The only asset is the economy is
a one-period, non-state contingent nominal bond. The nominal interest rate on this asset
follows a rule that endogenously responds to aggregate variables and is set at the union level.
Labor is the only other input in production, which is not mobile across islands. We assume
that nominal wages are only partially flexible. This is the only nominal rigidity in the model.
Finally, the model includes multiple shocks: a shock to the household’s discount rate, shocks
to non-tradable and tradable productivity/markup, a shock to the household’s preference

for leisure, and a monetary policy shock. Aside from the monetary policy shock, all shocks

3. The robust growth in nominal wages during the recession is viewed as a puzzle for those that believe
that the lack of aggregate demand was the primary cause of the Great Recession. For example, this point was
made by Krugman in a recent New York Times article (" Wages, Yellen and Intellectual Honesty”, NYTimes
8/25/14).
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have both local and aggregate components. By definition the weighted average of the local
shocks sum to zero. We show that, under relatively few assumptions, the log-linearized
economy aggregates. This allows us to study the aggregate and local behavior separately,
a property that we will exploit when estimating the aggregate and regional shocks through
our methodology.

Using a calibrated version of the model, we show that local employment elasticities to a
local discount rate shock are two to three times larger than the aggregate employment elas-
ticity to a similarly sized aggregate discount rate shock. This implies that elasticities often
estimated for "demand” shocks (i.e., our discount rate shock) using cross-region variation
are likely to dramatically overstate the elasticities of aggregate variables to ”demand” shocks
in the aggregate. The key general equilibrium forces in the model that may dampen aggre-
gate elasticities are the endogenous response of nominal interest rates to aggregate variables
and trade in the intermediate input. We show that local and aggregate elasticities get much
closer together when the interest rate does not endogenously respond to changes in aggregate
prices or employment (as when the economy is close to the zero lower bound).4

In Section 2.6, we turn to estimation of aggregate shocks. We present a procedure that
allow us estimate the shocks in a larger class of monetary union models than the benchmark
model outlined above, thus imposing less a-priori structure and making the analysis more
persuasive. In particular, we consider models where the aggregate and local equilibria can
be represented as a structural vector autoregression (SVAR) in price inflation, nominal wage

inflation, and employment with three shocks. We refer to the three shocks as the discount

4. A similar point is made in Nakamura and Steinsson(2014) with respect to local estimates of fiscal
multipliers.
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rate shock (which is a combination of the discount rate and monetary policy shock), the
productivity /markup shock (which is a combination of the productivity/markup shocks in
the tradable and non tradable sectors) and the leisure shock (which is the shock to leisure
preference). In order to identify the aggregate shocks, we estimate a SVAR and impose
certain properties of our benchmark monetary union model. Our results will be consistent
with monetary union models that satisfy all of these. First, we use the aggregate wage
setting equation to derive a series of linear restrictions linking the reduced form errors to the
underlying structural shocks. Second, we use the sign of the joint-response of employment,
wages and prices (on impact) to a discount rate and a productivity /markup shock.? These
two, together with the usual shock-orthogonality conditions, are sufficient to identify the
structural shocks.

The methodology requires parameterizing the structural wage setting equation. We use
state-level data on prices, wages and employment during the 2006-2012 period to estimate
the two parameters in our base specification, i.e., the Frisch elasticity of labor supply and
the degree of wage stickiness. Across a variety of specifications and identification procedures,
including instrumenting for local labor demand shocks, we estimate only a modest degree of
wage stickiness. These estimates are much smaller than estimates of wage stickiness obtained
using only aggregate time-series data.

With the parameterized aggregate wage setting equation, we use the SVAR identification

5. We view this methodology as an additional contribution of our paper. Beraja (2015) presents an
extension of this scheme to a more general class of models. These are part of a growing literature developing
“hybrid” methods that, for instance, constructs optimal combinations of econometric and theoretical models
(Carriero and Giacomini (2011), Del Negro and Schorfheide (2004)) or uses the theoretical model to inform
the econometric model’s parameter (An and Schorfheide (2007), Schortheide(2000)). Our procedure is closest
in spirit to the procedure recently developed in Baumeister and Hamilton (2015).
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procedure described above to estimate the shocks driving aggregate employment, prices,
and wages during the Great Recession. Our results suggest that during the early part of
the recession (2008-2009) roughly 30 percent of the aggregate employment decline can be
attributed to the discount rate shock (i.e., the "demand” shock). The leisure shock explains
roughly 30 percent of the decline in aggregate employment while the productivity /markup
shock explains the remaining 40 percent. Over a longer period (2008-2012), however, the
discount rate shock cannot explain any of the persistence in employment decline. Instead, it
is the productivity /markup and labor supply shocks that explain why employment remained
low from 2010-2012. In sum, while "demand” shocks may have been important in the early
part of the recession, they cannot explain the persistently low levels of employment in the
US after 2009.6 Furthermore, we find that the aggregate leisure shock - not sticky wages -
explains why aggregate wages did not fall during the Great Recession.

Our paper contributes to many literatures. First, our work contributes to the recent surge
in papers that have exploited regional variation to highlight mechanisms of importance to
aggregate fluctuations. For example, Mian and Sufi (2011 and 2014), Mian, Rao, and Sufi
(2013) and Midrigan and Philippon (2011) have exploited regional variation within the US

to explore the extent to which household leverage has contributed to the Great Recession.”

6. Christiano et al (2015a) estimate a New Keynesian model using data from the recent recession. Al-
though their model and identification are different from ours, they also conclude that something akin to a
supply shock is needed to explain the joint aggregate dynamics of prices and employment during the Great
Recession. Likewise, Vavra (2014) and Berger and Vavra (2015) document that prices were very flexible
during the Great Recession. They also conclude that something more than a demand shock is needed to
explain aggregate employment dynamics given the missing aggregate disinflation.

7. There has been an explosion of papers using regional data to better understand aggregate dynamics
during the Great Recession. Some recent papers include: Giroud and Mueller (2015), Hagedorn et al. (2015),
Mehrotra and Sergeyev (2015), and Mondragon (2015).
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Nakamura and Steinsson (2014) use sub-national US variation to inform the size of local
government spending multipliers. Blanchard and Katz (1991), Autor et al. (2013), and
Charles et al. (2015) use regional variation to measure the responsiveness of labor markets
to labor demand shocks. Our work contributes to this literature on two fronts. First, we
show that local wages also respond to local changes in economic conditions at business
cycle frequencies. Second, we provide a procedure where local variation can be combined
with aggregate data to learn about the nature and importance of certain mechanisms for
aggregate fluctuations. With respect to the latter innovation, our paper is similar in spirit
to Nakamura and Steinsson (2014).

Second, our paper contributes to the recent literature trying to determine the causes
of the Great Recession. In many respects, our model is more stylized than others in this
literature in that we include a broad set of shocks without trying to uncover the under-
lying micro-foundations for these shocks. However, the shocks we chose to focus on were
designed to proxy for many of the popular theories about the drivers of the Great Recession.
For example, our discount rate shock can be thought of as reduced form representation of
tightening of household borrowing limits. For example, such shocks have been proposed by
Eggertsson and Krugman (2012), Guerrieri and Lorenzoni (2011) and Mian and Sufi (2014)
as an explanation of the 2008 recession. Likewise, our productivity /markup shock can be
interpreted as anything that changes firms’ demand for labor. In a reduced form sense, credit
supply shocks to firms, such as those proposed by Gilchrist et al (2014), would be similar
to our productivity /markup shock. Finally, our leisure shock can be seen as a proxy for in-
creased distortions in the labor market due to changes in government policy (e.g., Mulligan
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(2012) or as a reduced form representation of a skill mismatch story within the labor market

(e.g., Charles et al. (2013, 2015)).

2.3 Creating State-Level Price And Wage Indices

2.3.1 State-Level Wage Index

To construct nominal wage indices at the state level, we use data from the 2000 Census and
the 2001-2012 American Commaunity Surveys (ACS). The 2000 Census includes 5 percent of
the US population while the 2001-2012 ACS’s includes around 600,000 respondents per year
between 2001 and 2004 and around 2 million respondents per year between 2005 and 2012.
The large coverage allows us to compute detailed labor market statistics at the state level.
For each year of the Census/ACS data, we calculate hourly nominal wages for prime-age
males with a strong attachment to the labor force. In particular, we restrict our sample to
only males between the ages of 21 and 55, who were employed at the time of the Census,
who reported usually working at least 30 hours per week, and who worked at least 48 weeks
during the prior 12 months. Then, for each individual in the resulting sample, we divide
total labor income earned during the prior 12 months by a measure of annual hours worked
during prior 12 months.8

Despite our restriction to prime-age males with a strong attachment to the labor force,

the composition of workers on other dimensions may still differ across states and within

8. Total labor income during the prior 12 months is the sum of both wage and salary earnings and business
earnings. Total hours worked during the previous 12 month is the product of total weeks worked during the
prior 12 months and the respondents report of their usual hours worked per week.
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a state over time. The changing composition of workers could be explaining some of the
variation in nominal wages across states over time. To cleanse our wage indices from these
compositional issues, we create a composition adjusted wage measure (at least based on

observables) by running the following regression on the ACS data:

In(wi) = v + Te Xt + nig

where In(w;;) is log nominal wages for household i in period ¢ residing in state k and X
is a vector of household specific controls. The vector of controls include a series of dummy
variables for usual hours worked (with ”40-49 hours per week” being the omitted group), a
series of five year age dummies (with ”40-44” being the omitted group), four educational at-
tainment dummies (with ”some college” being the omitted group), three citizenship dummies
(with "native born” being the omitted group), and a series of race dummies (with ”white”
being the omitted group). We run these regressions separately for each year so that both the
constant, ¢, and the vector of coefficients on the controls, I't, can differ for each year. Then,
we take the residuals from these regressions, 7,41, and add back the constant, 7. Adding
back the constant from the regression preserves differences over time in average log-wages.
To compute average wages in a state holding composition fixed, we average etk ™7t across
all individuals in state k. We refer to this measure as the ”adjusted nominal wage index” in
time ¢ in state k. This is the series we use to exploit cross-state variation in wages during
the Great Recession.

The benefit of the Census/ACS data is that it is large enough to compute detailed labor

188



market statistics at state levels. However, one drawback of the Census/ACS data is that it
not available at an annual frequency prior to 2000. To complement our analysis, we use data
from the March Supplement of the Current Population Survey (CPS) to examine longer
run aggregate trends in both nominal and real wages. These longer run trends are an input
into our aggregate shock decomposition procedure discussed below. We compute the wage
indices using the CPS data analogously to the way we computed the wage indices within the
Census/ACS data.? For the remainder of the paper, we use the Census/ACS data to explore
regional wage variation and the CPS data to examine aggregate time series wage variation.
However, for the 2000-2012 period, we can compare the time-series variation in aggregate
wages using the Census/ACS data with the time series variation in aggregate wages using

the CPS data. The two series have a correlation of 0.99 during this time period.

2.8.2 State-Level Price Index

2.3.2.1 Price Data

State-level price indices are necessary to measure state-level real wages. In order to construct
state-level price indices we use the Retail Scanner Database collected by AC Nielsen and made

available at The University of Chicago Booth School of Business.!? The Retail Scanner data

9. In particular, we compute hourly wages for men 21-55 with a strong attachment to the labor force
(those currently working at least 30 hours a week and those who worked at least 48 weeks during the prior
year). Again, like for the ACS data, we adjust the wages to account for a changing vector of observables
over time. A full discussion of our methodology to compute composition adjusted wages in the CPS can be
found in the Online Appendix that accompanies the paper.

10. The data is made available through the Marketing Data Center at the University of Chicago
Booth School of Business. Information on availability and access to the data can be found at
http://research.chicagobooth.edu/nielsen/. Contemporaneously, Coibion et al. (2015), Kaplan and Men-
zio (2015) and Stroebel and Vavra (2014) also use local scanner data/household price data to estimate that
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consists of weekly pricing, volume, and store environment information generated by point-of-
sale systems for about 90 participating retail chains across all US markets between January
2006 and December 2012. As a result, the database includes roughly 40,000 individual stores
selling, for the most part, food, drugs and mass merchandise.

For each store, the database records the weekly quantities and the average transaction
price for roughly 1.4 million distinct products. Each of these products is uniquely identified
by a 12-digit number called Universal Product Code (UPC). To summarize, one entry in
the database contains the number of units sold of a given UPC and the weighted average
price of the corresponding transactions, at a given store during a given week. The database
only includes items with strictly positive sales in a store-week and excludes certain products
such as random-weight meat, fruits, and vegetables since they do not have a UPC assigned.
Nielsen sorts the different UPCs into over one thousand narrowly defined ”categories”. For
example, sugar can be of 5 categories: sugar granulated, sugar powdered, sugar remaining,
sugar brown, and sugar substitutes. We use these categories when defining our price indices.

Finally, the geographic coverage of the database is outstanding and is one of its most
attractive features. It includes stores from all states except for Alaska and Hawaii. Likewise,
it covers stores from 361 Metropolitan Statistical Areas (MSA) and 2,500 counties. The
data comes with both zip code and FIPS codes for the store’s county, MSA, and state. Over
the seven year period, the data set includes total sales across all retail establishments worth

over $1.5 trillion. In this paper, we aggregate data to the level of US states and compute

local prices vary with local economic conditions at business cycle frequencies. Our paper complements this
literature by actually making price indices using the Nielsen scanner data for each state at the monthly
frequency and using those price indices to estimate structural parameters of the local wage setting equation.
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state-level retail scanner data price indices. Online Appendix Table R1 shows summary
statistics for the retail scanner data for each year between 2006 and 2012 and for the sample

as a whole.11

2.3.2.2 A Retail Scanner Data Price Index

In order to construct state-level price indices we follow the BLS construction of the CPI as
closely as possible.}2 While we briefly outline the price index construction in this sub-section,
the full details of the procedure are discussed in the Online Appendix that accompanies our
paper. Our retail scanner price indices are built in two stages. In the first stage, we aggregate
the prices of goods within the roughly 1,000 categories described above. For our base indices,
a good is a given store-UPC pair such that a UPC in store A is treated as a different good
than the same UPC sold in store B. This allows for the possibility that prices may change as
households substitute from a high cost store (that provides a different shopping experience)
to a low cost store when local economic conditions deteriorate. Then, we compute, for
each good, the average price and total quantity sold in a given month and state. Next, we
construct the quantity weighted average price for all goods in each detailed category in a

given month and state. We aggregate our index to the monthly level to reduce the number

11. The Online Appendix is available at http://faculty.chicagobooth.edu/erik.hurst/research /regional_online_appendix.pdf

12. There is a large literature discussing the construction of price indices. See, for example, Diewert
(1976). Cage et al (2003) discuss the reasons behind the introduction of the BLS’s Chained Consumer Price
Index. Melser (2011) discuss problems that arise with the construction of price indices with scanner data.
In particular, if the quantity weights are updated too frequently the price index will exhibit ”chain drift”.
This concern motivated us to follow the BLS procedure and keep the quantity weights fixed for a year when
computing the first stage of our indices rather than updating the quantities every month. Such problems
are further discussed in Dielwert et al. (2011).
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of missing values.!?

Specifically, for each category, we compute:

Zze]pztkqw 1,k
Zlejpzt 1k Gt 1k

P

itk = L

]7t_1vy7

(1)

where P; 4 1 is category level price index for category 7, in period ¢, with a base year vy,
in state k. p; ;1 is the price at time ¢ of the specific good i (from category j) in state k and
d; t—1,k is the average monthly quantity sold of good 7 in the prior year in state k. By fixing
quantities at their prior year’s level, we are holding fixed household’s consumption patterns
as prices change. We update the basket of goods each year and produce the chained index
for each category in each state.

In the second stage of our construction we aggregate the category-level price indices into
an aggregate index for each state k. The inputs are the category-level prices and the total
expenditures of each category. Specifically, for each state we compute:

at at—1
StS
N

=11 (5 itk ) (2)

Pt Lk 55 P -1,k

where S”; ;. 18 the share of expenditure of category j in month ¢ in state k averaged over
the year.

Finally, as a consistency check, we compare our retail scanner price index for the aggregate

13. One issue discussed in greater depth in the Online Appendix is how we deal with missing data when
computing the price indices. Monthly prices may be missing, for instance, in the case of seasonal goods, the
introduction of new goods, and the phasing out of existing goods. When computing our price indices, we
restrict our sample to only include (1) goods that had positive sales in the prior year and (2) goods that
had positive sales in every month of the current year. Online Appendix Table R1 shows the share of sales
included in the price index for each sample year.
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US to the BLS’s CPI for food. We choose the BLS Food CPI as a benchmark given that
approximately 60 percent of the goods in our database can be classified as food. 14 F igure
2.1 shows that our retail scanner aggregate price index matches nearly exactly the BLS’s

Food CPI at the monthly level between 2006 and 2012.

2.3.2.3 A State-Level Price Index from the Retail Scanner Price Index

The previous subsection described the construction of a state-level price index for goods sold
in retail grocery and mass merchandising stores. However, our goal is to construct state-level
price indices that are representative of the composite basket of consumer goods and services.
In this subsection, we describe conditions under which our retail scanner price index and a
composite local price index differ only by a scaling factor. We then propose to estimate this
scaling factor using available data from the BLS. Nonetheless, as we highlight throughout,
using this scaling factor (as opposed to using our retail scanner price indices directly) has
little effect on the quantitative results of the paper.

Most goods in our sample are produced outside a local market and are simultaneously sold
to many local markets. These intermediate production costs represent the traded portion
of local retail prices. If there were no additional local distribution and/or trade costs, one
would expect little variation in retail prices across states; the law of one price would hold.
However, these "non-tradable” costs do exist, including the wages of workers in the retail

establishments, the rent of the retail facility, and expenses associated with local warehousing

14. The non-food goods in our sample include health and beauty products (13 percent), alcoholic beverages
(6 percent), and paper products and household cleaning supplies (13 percent). The remaining items includes
batteries, cutlery, pots and pans, candles, cameras, small consumer electronics, office supplies, and small
household appliances.
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and transportation.!?

Assuming that the shares of these non-tradable costs are constant across states and
identical for all firms in the retail industries, we can express local retail scanner prices, P,

in region k during period ¢ as:

T\1—#y ( pNT Ry
re = (P ) (B )"

where PtT is the tradable component of local retail scanner prices in period ¢ (which does not
vary across states) and Pt%T is the non-tradable component of local retail prices in period ¢
(which potentially does vary across states). x, represents the share of non-tradable costs in
the total price for the retail scanner goods in our sample.

Analogously, we can express local prices in other sectors for which we do not have data

as:

= (PF) o (P

where P/’ is local prices in these sectors outside of the grocery/mass-merchandising

sector and Ky, is the share of non-tradable costs in the total price for these other sectors.16

Next, assume that the price of household’s composite basket of goods and services in a

15. Burstein et al (2003) document that distribution costs represent more than 40 percent of retail prices
in the US.

16. The grocery/mass-merchandising sector is only one sector within a household’s local consumption
bundle. For example, there are other sectors where the non-tradable share may differ from those in our retail-
scanner data.For exmaple, many local services primarily use local labor and local land in their production
(e.g., dry-cleaners, hair salons, schools, and restaurants). Conversely, in other retail sectors, the traded
component of costs could be large relative to the local factors used to sell the good (e.g., auto dealerships).
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state can be expressed as a composite of the prices in the retail scanner sectors (F/,) and

prices in the other sectors (P{*"):

1— _ (pT\l—R/ pNT\R
P =(P") 7 (Plp)’ =) "(By )"

where s is expenditure share of grocery/mass-merchandising goods in an individuals con-
sumption bundle and & = (1 — $)kp,r + sky is the non-tradable share in the aggregate
consumption good, constant across all states.

Given these assumptions, we can transform the variation in retail scanner prices across
states into variation in the broader consumption basket across states. Taking logs of the
above equations and differencing across states we get that the variation in log-prices of the
composite good between two states k and k', Aln Py g gt s proportional to the variation in

log-retail scanner prices across those same states, Aln Ptr i - Formally,

K
AlnP, =|—|AlnP
N1 gk (m) DA% k!

If mﬁr > 1, the local grocery/mass-merchandising sector will use a lower share of non-
tradables in production than the composite local consumption good. In order to con-
struct the scaling factor Kﬁr, it would be useful to have local indices for both grocery/mass-
merchandising goods and for a composite local consumption good. While we do not have
such indices for every US state, we can compare the relationship between local food inflation

and local total inflation using BLS metro area price indices. These indices are only available
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for 27 MSAs at varying degrees of frequency (monthly, bi-monthly, semi—annually).17 As a
result, they are not overly useful in measuring prices for a broad set of local areas. However,
for the MSAs covered, the BLS creates both a local food price index and a price index for
the total local consumption basket. One approach to estimate Hﬁr, therefore, would be to
estimate a regression of local food inflation on local total inflation using data for these 27
MSAs. However, the BLS cautions against such a regression because they report that the
local price indices contain a substantial amount of measurement error.!® Such measurement
error will bias our estimate of ﬁﬁr towards zero.

To get around the measurement error problem, we follow the lead of Fitzgerald and
Nicolini (2014) and regress food (total) inflation on some measure of local economic activity
that is measured with relatively more precision. Taking a ratio of the coefficients from
these two separate regressions can yield an estimate of /@;ﬁr Specifically, we regress the 3-
year inflation rate (either for food or total CPI) at the MSA level on the 3 year change
in the unemployment rate during the 2007-2010 period. Within the BLS data, we find
that a 1 percentage point increase in the local unemployment rate is associated with a 0.34
percentage point decline in the local food inflation rate (standard error = 0.22) and 0.47
percentage point decline the local composite inflation rate (standard error = 0.15). These
estimates are very similar to those reported by Fitzgerald and Nicolini (2014) who use data

over a longer time period. The fact that the coefficient on the change in unemployment

rate is smaller in the food inflation regression than the total inflation regression is consistent

17. In the online appendix that accompanies this paper, we discuss the BLS local price indices in greater
depth.

18. See, for example, http://www.bls.gov/opub/btn/volume-1/pdf/consumer-price-index-data-quality-
how-accurate-is-the-us-cpi.pdf
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with our belief that the tradable share of food is higher than the tradable share of the local
composite consumption good. Given these coefficients, the BLS data suggests a measure
of F% of 1.4 (-0.47/-0.34). We will use this as our base adjustment factor throughout the
paper. However, our main decompositions later in the paper are robust to any scaling factor

between 1.0 and 2.0.

2.4 Comparing Cross-State Patterns to Aggregate Time-series

Patterns

The goal of this section is to contrast the strong co-movement of wages and economic activity
at the local level to the relatively weaker co-movement at the aggregate level, during the
Great Recession.

The left hand panel of Figure 2.3 shows the log-change in our demographic adjusted
nominal wage indices between 2007 and 2010 across states against the log-change in the
employment rate. As seen from the figure, nominal growth was strongly, positively correlated
with employment growth in the 2007-2010 period. A simple linear regression through the
data (weighted by the state’s 2006 labor force) suggests that a 1 percent change in a state’s
employment rate is associated with a 0.62 percent change in nominal wages (standard error
= 0.10). These findings are consistent with the extensive literature in labor economics and
public finance showing that local labor demand shocks cause both employment and wages
to vary together in the short to medium run. For example, Blanchard and Katz (1991),

Autor, Dorn and Hanson (2013) and Charles, Hurst and Notowidigdo (2013) all find that
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negative local labor demand shocks cause substantial declines in local wages over the three
to five year horizon. Our results further suggest that wages are fairly flexible in response to
labor demand shocks at the local level. However, we illustrate the patterns at business cycle
frequencies.t?

The right hand panel of Figure 2.3 shows similar patterns for real wage variation. We
compute local real wages by deflating local nominal wage growth with the growth in the
prices of a composite local consumption good (Pt,k)-20 A simple linear regression through
the data (weighted by the state’s 2006 labor force) suggests that a 1 percent change in a
state’s employment rate is associated with a 0.52 percent change in real wages (standard
error = 0.15). Growth in local nominal and real wages were highly correlated with changes
in many other measures of state economic activity during the 2007-2010 period as well.
Although not shown, lower GDP growth, lower unemployment growth, lower hours growth
and lower house price growth were all strongly correlated with lower nominal and real wage
growth during the recent recession.

Figure 2.2 shows our composition adjusted aggregate wage indices for the 2000 to 2012

period calculated using CPS data. To construct aggregate composition adjusted real wages,

we deflate the aggregate nominal adjusted wages from the CPS by the aggregate June CPI-U

19. The patterns we document in Figure 2.3 also show up in other wage series. While there are no
government, data sets that produce broad based composition adjusted wage series at the local level, the
Bureau of Labor Statistics’s Quarterly Census of Employment and Wages (QEW) collects firm level data
on employment counts and total payroll at local levels. In Online Appendix Figures R1 and R2 we present
results using local wage indices constructed from the QEW data instead. In these data, a one percent
increase in a state’s employment growth between 2007 and 2010 was associated with a roughly 0.5 increase
in the state’s nominal per capita earnings growth during the same time period.

20. As discussed in the previous section, we scale the growth in the retail scanner price index by a factor
of 1.4 to account for the fact that grocery/mass merchandising goods have a higher tradable share than the
composite local consumption good.
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with 2000 as the base year. Between 2007 and 2010, average composition adjusted nominal
wages in the US increased by roughly 4 percent despite aggregate employment falling sub-
stantively. The patterns in our data replicate the aggregate nominal wage growth patterns
documented by many others in the literature.2! Given that consumer prices increased by
5 percent during the same period, aggregate real wages in the US fell by roughly 1 percent
between 2007 and 2010. This was similar to the trend in real wages prior to the start of the
recent recession. As seen from Figure 2.2 nominal wages increased slightly and real wage
growth did not seem to break trend during the Great Recession. The "puzzle” is why aggre-
gate wages did not decline relative to trend despite the very weak aggregate labor market.
Wage stickiness is one potential explanation. However, as seen from Figure 2.3, local nominal
and real wages moved quite a bit with changes in local employment during the same time
period.

Table 2.1 compares these cross-state elasticities with the corresponding aggregate time-
series elasticities during the Great Recession.?2 The top panel displays the local wage elas-
ticities from the simple scatter plots shown in Figure 2.3. The bottom panel provides an
estimate of similar elasticities over the same time period at the aggregate level. In particular,
the last row shows the aggregate nominal (and real) wage elasticity with respect to changes
in employment between 2007 and 2010. To construct these elastiticities we use our adjusted
nominal wage measure from the C'PS (in the case of real wages, we deflate them with June

CPI-U) and the aggregate employment-to-population ratio from the BLS. We de-trend all

21. See, for example, Daly and Hobijn (2015).

22. We thank Bob Hall for giving us the idea for this table. We base it on the analysis he did as part of
his discussion of our paper at the 2015 NBER summer EFG program meeting.
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variables by estimating a linear trend between 2000 and 2007. The de-trended employment
decline between 2007 and 2010 was 6.8 percent whereas the de-trended nominal wage de-
cline was 1.7 percent. De-trended real wages actually increased by 1.2 percent during the
2007-2010 time period. Therefore, the implied aggregate wage elasticities with respect to
employment during the Great Recession are 0.25 for nominal wages (-1.7/-6.8) and -0.17 for
real wages (1.2/-6.8).

Our main empirical finding comes from comparing the cross-state wage elasticities with
the aggregate wage elasticities. The response of wages to changes in employment were
much stronger at the state level during the Great Recession than at the aggregate level.
For example, the local nominal wage elasticity with respect to employment changes was
over twice as big as the aggregate elasticity (0.62 vs. 0.25). It is these differences in the
relationships between wages and employment at the local level and at the aggregate level that
forms the basis of the remainder of this paper. Why did local wages adjust so much when
local employment conditions deteriorated during the Great Recession while aggregate wages
hardly responded at all despite a sharp deterioration in aggregate employment conditions?
Can aggregate wages be sticky when local wages adjust so much? We turn to answering

these questions next.

2.5 A Monetary Union Model

In this section we present a monetary union model with several goals in mind. First, the
model allows us to discuss the patterns we documented in the previous section in a formal

environment where local economies aggregate. Second, the model makes explicit our as-
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sumptions on how wages are set. The nominal wage stickiness we specify will be essential
to our identification strategy in later parts of the paper. Third, a calibrated version of the
model allows us to quantify differences in aggregate vis a vis local elasticities to a variety of
different shocks. While the theoretical possibility of these differences are known, much less is
known about the their magnitudes. The calibration exercise provides guidance to researchers
who want to take an estimated local elasticity to a given shock and apply it to the aggregate
economy. Fourth, the model provides an example of an economy that is encompassed by our
SVAR procedure in Section 5 of the paper. The SVAR approach will allow us to estimate
shocks for a larger set of models than the one we write down in this section. Finally, the
model provides us with theoretical co-movements between variables that help us identify the
shocks in the SVAR as well as give them an economic interpretation.

Formally, our model economy is composed of many islands inhabited by infinitely lived
households and firms in two distinct sectors that produce a final consumption good and
intermediates that go into its production. The only asset in the economy is a one-period
nominal bond in zero net supply where the nominal interest rate is set by a monetary
authority. We assume intermediate goods can be traded across islands but the consumption
good is non-tradable.Z? Finally, we assume labor is mobile across sectors but not across
islands.24 Throughout we assume that parameters governing preferences and production are

identical across islands and that islands only differ, potentially, in the shocks that hit them.

23. The final good can be thought of as being retail goods and services purchased in places such as:
restaurants, barbershops and stores; and the intermediate sector providing physical goods such as: food
ingredients, scissors and cellphones.

24. We explore the issue of labor mobility during the Great Recession when we take the model to the data.
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2.5.1 Firms and Households

Producers of tradable intermediate goods z in island k use local labor N} and face nominal
wages W, (equalized across sectors) and prices @) (equalized across islands k). The time

subscripts are omitted for clarity. Their profits are

max Qe (Ni:f)e — Wi N},
k

where 27 is a tradable productivity shock in island k and 6 < 1 is the labor share in the

production of tradables. Final (retail) goods y producers face prices Pj. and obtain profits

max Pre®t (NY)*(X,)7 — W NY — QX
N} X},

where ZZ is a final good (retail) productivity shock and (a, 3) : a4+ 5 < 1 are the labor and
intermediates shares. Unlike the tradable goods prices, final good prices (P}) vary across
islands.??

Households preferences are given by

s (Crt — M5 Ny )i=o

Eq Z e~ Pkt —Okt ]
t=0

1+¢
€y P )
+

o

25. It is worth noting that all model shocks will generate endogenous variation in markups given our
assumption of decreasing returns to scale. Additionally, what we call a ”productivity shock” is isomorphic
to any shifter of unit labor costs and, hence, labor demand schedules. Later we will refer to it as the
productivity/markup shock. We do not attempt to distinguish between the different interpretations of this
shock in this paper.
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where C}; is consumption of the final good, N, is labor, and d;; and €;; are exogenous
processes driving the household’s discount factor and the disutility of labor, respectively.
Our base preferences abstract from income effects on labor supply. However, we show in
section 7.4 that relaxing this assumption does not quantitatively change the conclusions of
the paper.

Households are able to spend their labor income Wpj; Ny, profits accruing from firms
Tz, financial income Bji¢, and transfers from the government 73, where Bj; are nominal
bond holdings at the beginning of the period and #; is the nominal interest (equalized across
islands given our assumption of a monetary union where the bonds are freely traded). Thus,

they face the period-by-period budget constraint

PyCrt + Brpr1 < Brg(1 + i) + Wi Ny + Uy + T3

A well known issue in the international macroeconomics literature is that under market
incompleteness of the type we just described there is no stationary distribution for bond
holdings across islands in the log-linearized economy; and all other island variables in the
model have unit roots. We follow Schmitt-Grohe and Uribe (2003) and let pj; be the endoge-
nous component of the discount factor that satisfies pg; 11 = ppy + ®(.) for some function
®(.) of the average per capita variables in an island. As such, agents do not internalize
this dependence when making their choices. This modification induces stationarity for an
appropriately chosen function ®(.). Schmitt-Grohe and Uribe (2003) show that alternative

stationary inducing modifications (a specification with internalization, a debt-elastic inter-
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est rate or convex portfolio adjustment costs) all deliver similar quantitative results in the

context of a small open economy real business cycle model.

2.5.2  Sticky Wages

We allow for the possibility that nominal wages are sticky and use a partial-adjustment
model where a fraction A of the gap between the actual and frictionless wage is closed every

period. Formally:

Wit = (Pyget (N ) P)N Wiy )1
kt kt kt kt—1

Given our assumption on household preferences, Pypekt (N, kt)é corresponds to the marginal
rate of substitution between labor and consumption and the parameter A measures the
degree of nominal wage stickiness. In particular, when A\ = 1 wages are fully flexible and
when A = 0 they are fixed. This implies that workers will be off their labor supply curves
whenever A < 1. A similar specification has been used by Shimer (2010) and, more recently,
by Midrigan and Philippon (2011). Shimer (2010) argues that in labor market search models
there is typically an interval of wages that both the workers are willing to accept and firms
willing to pay. To resolve this wage indeterminacy he considers a wage setting rule that is
a weighted average of a target wage and the past wage. The target wage in our case is the
value of the marginal rate of substitution.

Popular alternatives in the literature include the wage bargaining model in the spirit

of Hall and Milgrom (2008) as in Christiano, Eichenbaum and Trabandt (2015b); and the
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monopsonistic competition model where unions representing workers set wages period by
period as in Gali (2009). The key difference with the partial adjustment model is that both
alternatives result in a forward looking component in the wage setting rule that is absent
in our specification. In fact, this wage setting rule can be derived from the monopsonistic
competition setup in the case where agents are myopic about the future; or from the la-
bor market search setup in the special case where firms make take-it-or-leave-it offers and
the probability of being employed in the future is independent of the current employment

status.26

2.5.83  Equilibrium

An equilibrium is a collection of prices { Py, Wy, Q¢ } and quantities {Cly, Njy, Bry, Nity,, N g o Xpt f
for each island k and time ¢ such that, for an interest rate rule i = i(.)e/* and given exoge-
nous processes {2y, zZt, €xts Okt fit 1, they are consistent with household utility maximization

and firm profit maximization and such that the following market clearing conditions hold:

Y
Cht = ezkt(ngt)alet
Nge = Nigy + Nig
SR ST
k k

26. While there is no forward looking component in the reset wage in our base specification, we consider
the implications of including forward looking behavior in Section 7.4.
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2.5.4 Shocks

We assume exogenous processes are AR(1) processes, with an identical autoregressive co-
efficient across islands (and sectors in the case of productivity), and that the innovations
(i.e., shocks) to these processes are iid, mean zero, random variables with an aggregate and
island specific component. Let vz = 05 — 051 — p¢ be a combination of the discount rate
exogenous growth and the monetary policy exogenous process that shows up as a wedge in

the Euler equation. Then, we write the exogenous processes as:

y _ Yy Yy ~ Y
Zry = P22 +ozuy + TyUpy
Zht = P21 T OUf + Gally

_ Y=
Ykt = PyVkt—1 T OqUp + Oy,

€kt = Pe€t—1 + ey + Gevyy

with ) . Ul%:t =D kU = Dk Uth = > v, = 0. By assumption, we assume the weighted
average of the island specific shocks sums to zero in all periods.

Let uj = ug + Buj be a combination of productivity shocks in both sectors. We will call
uy, uz and uf the aggregate Productivity/Markup, Discount rate and Leisure shocks respec-
tively. These are the shocks that the econometric procedure aims to identify. Analogously,
U%t? v,ft,vzt, vy, are the Regional shocks. The interpretation of the Leisure and Productiv-
ity /Markup shocks is relatively straightforward given our model environment. They are

shifters of households and firms’ labor supply (wage setting) and labor demand schedules,
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respectively. On the other hand, what we identify as a ”discount rate shock” () is the
combination of two more fundamental shocks. First, a shock to the marginal rate of substi-
tution between consumption in consecutive periods. Second, a shock to the nominal interest
rate rule set by the monetary authority. Our procedure is unable to distinguish between the
two given that they both show up in the household’s Euler equation, thus we treat them as

a single shock.

2.5.5 Aggregation

Our first key assumption for aggregation is that all islands are identical with respect to
their underlying production parameters («, 3, and ), their underlying utility parameters (o
and ¢) and the degree of wage stickiness ()\).27 Our second assumption is that islands are
identical in the steady state and that price and wage inflation are zero. The last assumption
is that the joint distribution of island-specific shocks is such that its cross-sectional sum is
zero. If K, the number of islands, is large this holds in the limit because of the law of large
numbers. We log-linearize the model around this steady state and show that it aggregates
up to a representative economy where all aggregate variables are independent of any cross-

sectional considerations to a first order approximation.?8 We denote with lowercase letters

27. When implementing our procedure using data on US states, we discuss the plausibility of this as-
sumption. Given that the broad industrial compositon at the state level does not differ much across states,
the assumption that productivity parameters and wage stickiness are roughly similar across states is not
dramatically at odds with the data. As a robustness exercise, we estimate our key equations with industry
fixed effects and show that our key cross section estimates are unchanged.

28. The model we presented has many islands subject to idiosyncratic shocks that cannot be fully hedged
because asset markets are incomplete. By log-linearizing the equilibrium, we gain in tractability but ignore
these considerations and the aggregate consequences of heterogeneity. The approximation will be good as
long as the underlying volatility of the idiosyncratic shocks is not too large. If our unit of study was an
individual, as for example in the precautionary savings literature with incomplete markets, the use of linear
approximations would likely not be appropriate. However, since our unit of study is an island the size
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a variable’s log-deviation from its steady state. Variables without a k£ subscript represent
aggregates. For example, ny; = log (%) andng =) ;. %nkt- We assume that the monetary
authority announces a nominal interest rate rule which is a function of aggregate variables.
In log-linearized form, the rule is: i;41 = @rE¢[mer1] + oy(yr — yi) + p1 where 7 is the
aggregate inflation rate and y; —y; is the output gap, defined as the difference between actual
output and the flexible wage equilibrium output for the same realization of shocks. Finally,
we assume that the endogenous component of the discount factor is ®(.) = ®q (cgy — c¢).2

The following lemmas present a useful aggregation result and show that we can write

the island-level equilibrium in log-deviation from the aggregate union equilibrium. Let wy

W,/ Py
W/P

be real wage growth and 7;” be nominal wage growth. Formally, w; = log( ) and

T = wi —wp_y + 7.

Lemma 1. The behavior of m}, wy,ns in the log-linearized economy is identical to that of a
representative economy with only a final goods sector with labor share in production o + 60,

no endogenous discount factor, and only 3 exogenous processes {zt, €t,Vt}.

Denote any variable 7; = zp; — x¢ as corresponding to island’s k log-deviation from

aggregates at time ¢, where the subscript & is dropped for notational simplicity.

Lemma 2. For given {Zij,éf,’yt,é}, the behavior of {ﬁt,wt,ﬁ%,ﬁf} in the log-linearized

economy for each island in deviations from aggregates is identical to that of a small open

of a small country or a state, we believe this is not too egregious of an assumption. The volatilities of
key economic variables of interest at the state or country level are orders of magnitude smaller than the
corresponding variables at the individual level.

29. &y > 0 is enough to induce stationary of island-level variables in log-deviations from the aggregate.
Furthermore, since ®(.) depends only on these deviations, the aggregate equilibrium will feature a constant
endogenous discount factor p.
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economy where the price of intermediates and the nominal interest rate are at their steady

state levels, i.e. qt =i = 0 Vt.

Proof. See Appendix 2.11.1 for a proof of Lemma 1 and 2. ]

2.5.6 Aggregate vs. Local Shock FElasticities

Having described the model, we now explore the extent to which aggregate employment,
price and wage elasticities to a given shock differ from local employment, price and wage
elasticities to the same shock. Many researchers use clever identification strategies exploiting
regional variation to estimate local elasticities to a given shock. For example, Mian and Sufi
(2014) uses variation in debt across US metropolitan areas to isolate the extent to which a
local ”demand” shock (i.e., our discount rate shock) affects local employment. We show in
this sub-section that the local employment (price, wage) elasticity to a given discount rate
shock (productivity shock, leisure shock) is different, in general, from the aggregate elasticity
to the same shock. Moreover, we calibrate the model in order to quantify the difference.
To gain some intuition as to the difference between local and aggregate elasticities in our
model, we first consider the special case where there is an endowment of the tradable good
and no labor is used in its production, i.e. § = 0. Focusing on a discount rate shock in this
special case makes the comparison very transparent. We let §899 = 90 ,5nq fgeg = dig

— dyo dyo

be the employment elasticities to the discount rate shock on impact. By solving for the
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recursive laws of motion in equilibrium we obtain,

€199 _ (1-2X)
(I—a+ %)(@p —1)+ (‘Pya — (op — (1 - a)) %
reg  dng (I =X+ Ap)
O a5 s(1-A(a—1))
(oot (o)) e

These expressions help understand the general equilibrium forces that make local and
aggregate elasticities different. From the perspective of the closed economy, the endogenous
response of the nominal interest rate rule {¢, and ¢y} reduces the aggregate employment
impact elasticity to an unanticipated discount rate shock. A negative discount rate shock
puts downward pressure on employment and prices. The monetary authority can lower
interest rates to offset such a shock. The parameters of the interest rate rule are entirely
absent in the expression for the regional elasticity. Therefore, the aggregate employment
elasticity to a discount rate shock is typically smaller than the local employment elasticity
to a local discount rate shock.

From the local perspective, since island level economies in deviations from the aggregate
are small open economies, there are two extra margins of adjustment that are absent in the
aggregate closed economy. First, the possibility to substitute labor for intermediate goods

in the production of final consumption goods (8 > 0) decreases the regional employment

1
.. 0(1_)\(04_5)) . "
elasticity to the shock (as long as the term . 1| is positive). Second, the
T

possibility to transfer resources intertemporally through saving/borrowing at the interest rate

1+r

oy 1), decreases the regional employment elasticity. Theoretically,

r, as seen in the term (
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therefore, the aggregate employment elasticity to an aggregate discount rate shock can be
either greater or smaller than the local employment elasticity to a local discount rate shock.

It is also interesting to compare how these discount rate elasticities change with the degree
of nominal wage stickiness. Our identification procedure allows us to do this exercise when
we estimate the impulse response to a discount rate shock. When ¢, > 1, both elasticities
are decreasing in A. In particular, employment does not respond to discount rate shocks at
all in the limit when wages are perfectly flexible (A — 1).

While it is generally understood that local and aggregate elasticities can differ, there has
been little quantitative work assessing the potential size of these differences. A parameterized
version of our model allows us to directly compute the local and aggregate employment
elasticities to different types of shocks. To this end, Table 2.3 quantifies the employment
impact elasticities to each of the shocks in the full model. Table 2.2 presents and explains
the parameterization of our model. Most of the parameters are standard from the literature
or are chosen to match the labor share in the tradable and non-tradable sectors. The
Online Appendix has an extended discussion of our baseline parameter choice. For our
base specification, we use estimates of A and ¢ of 2 and 0.7, respectively. These are the
parameters that show up in the aggregate and local wage setting equations. The value of
these parameters are the ones that we estimate using local variation in Section 6.

Column 1 of Table 2.3 shows our base estimates of the local and aggregate employment
elasticities. In columns 2 - 8 of Table 2.3, we show how the elasticities change across alternate
parameterization. Specifically, in column 2, we re-compute the elasticities reducing the Frisch
elasticity of labor supply (¢) from 2 to 1. In column 3, we make wages more sticky by reducing
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A from 0.7 to 0.5 (returning the Frisch elasticity to our base parameterization). In column 4,
we set § = 0, thus shutting down the possibility to substitute labor for intermediate goods
in the production of final goods. In the next two columns, we shut down the endogenous
feedback in the nominal interest rate to changes in the employment gap such that ¢y is set
to zero. In the first of those two columns, we leave the response of the nominal interest rate
to the inflation target (yp) at its base parameterization. In the second of those two columns,
we lower ¢p such that the local and aggregate responses to a discount rate shock are the
same on impact. Finally, in the last two columns, we explore how the elasticities change as
the persistence of the demand shock changes.

In our base specification, we find that the regional employment elasticity to a discount
rate shock is 2.3 times larger than the aggregate employment elasticity to a discount rate
shock. This implies that using cross-region variation to estimate local employment elas-
ticities to demand shocks dramatically overstates employment responses when those local
elasticities are applied to the aggregate. The conclusion remains unchanged across the dif-
ferent parameterizations of the wage setting rule, as shown in columns 2 and 3. Local
employment elasticities to discount rate shocks are always two to three times larger than
the aggregate employment elasticities. In columns 4 to 6, we see the importance of general
equilibrium forces. As we shut down the ability to substitute labor for intermediate goods
(B = 0), the gap between the regional and aggregate elasticities gets larger. The ability
to trade intermediates across regions dampens the local employment elasticity to discount
rate (demand) shocks. In columns 5 and 6, we see that the endogenous monetary policy
response also dramatically dampens the aggregate response to a discount rate shock. This
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suggests that in periods where the economy is at the zero lower bound, aggregate and local
employment elasticities to a demand shock are more similar, a point also made in Nakamura
and Steinsson (2014). The last column explores the sensitivity to changes in the persistence
of the discount rate shock. The less persistent is the local discount rate shock, the smaller
the local employment elasticity because the regions can borrow from and lend to each other.
Table 2.3 also shows the local and aggregate employment response to local and aggregate
productivity /markup and leisure shocks. For these two shocks, the local employment elas-
ticities are usually smaller than their aggregate counterparts. For the most part, this results
from the particular specification of the nominal interest rate rule. To summarize, the quan-
titative difference between aggregate and local employment elasticities depends on the type
underlying shock and can be quite large.

Tables 2.4 and 2.5 summarize the aggregate and regional impulse responses, respectively,
for all variables and shocks in our benchmark calibration. We show results upon impact
(the "short-run” elasticities) and after 5 years (the ”"long-run” elasticities). These tables
allow us to assess the model’s predictions. We use the same parameterization as in Table
2.2. The short run responses in Columns 1 of Table 2.4 and Table 2.5 just restate the
employment elasticities in column 1 of Table 2.3. The remainder of the tables show the
estimates for the price, nominal wage and real wage elasticities to all the underlying shocks
in the model upon impact. As seen from Table 2.4, an aggregate negative discount rate shock
(households become less patient) lowers aggregate employment, lowers aggregate prices, and
lowers (slightly) aggregate real wages. Conversely, an aggregate negative productivity shock
lowers aggregate employment, raises aggregate prices, and raises aggregate real wages. We
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will use the sign of these impact elasticities to help identify the shocks in the SVAR in Section

2.6.

2.6 A Procedure for Identifying Aggregate Shocks

The above model was designed to (1) link aggregate and regional economies, (2) specify the
local and aggregate wage setting equations, (3) provide a quantitative assessment of aggregate
and local elasticities to the shocks embedded in the model, and (4) guide our interpretation
of the shocks. In this section, we develop a procedure that allow us estimate the shocks in
a larger class of monetary union models than the benchmark model outlined above, thus
imposing less a-priori structure and making the analysis more persuasive.3Y Specifically,
we consider models where aggregate equilibria can be represented as a structural vector
autoregression (SVAR) in price inflation, nominal wage inflation, and employment with three
shocks. In order to identify the shocks, we use three properties of our benchmark monetary
union model: the wage setting equation, the sign of the impact elasticities to a discount
rate and productivity /markup shocks, and the orthogonality of shocks. Our results will be
consistent with monetary union models that satisfy all of these. Beraja (2015) discusses

this identification procedure in detail, as well as its application to more general SVARs and

30. We also performed a business cycle accounting exercise by solving the model and using the data to
recover the exogenous stochastic processes. By doing so, we learned that different ”wedges” are required to
explain the joint dynamics of employment prices and wages. We find that the labor wedge is quite important
in explaining variation in employment in the early stages of the Great Recession. Like our SVAR results,
the Euler equation wedge only explained less than half of the employment decline during the early part of
the recession and explained essentially none of the persistence. However, unlike the SVAR, the business
cycle accounting does not allow us to recover the fundamental shocks and, therefore, we do not report more
specific results here. As has been shown in Buera and Moll (2015), slight changes in model specification can
alter the mapping between underlying structural shocks and corresponding aggregate wedges.
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theoretical models than the ones in this paper.
We begin by noting that the recursive solution to the equilibrium system of equations in

Lemma 1 can be written as a SVAR(oco) in {ms, 7%, ny }.31

(I —p(L)) | = A uf

Knowledge of p(L) and an invertible matrix A together with aggregate data on prices, nom-
inal wages and employment allow recovering the structural shocks.

The first step in our procedure consists of estimating the reduced form VAR to obtain
the autoregressive matrix p(L) and the reduced form errors covariance matrix V. In practice
we will truncate p(L) to be of finite order as it is typically done in the literature. The second
step involves deriving a set of theoretical restrictions to identify the structural shocks from
the reduced form errors.

As a reminder, the wage setting equation®? in log-linearized form is:

1
=N+ e —e—1+ —(ng —mp—1)) + (1= N)m?ly

¢

Applying the conditional expectation operator E;_1(.) on both sides and constructing ex-

31. The exogenous processes are AR(1) and the system of equations characterizing the equilibrium is of
first order. When written in matrix form it is easy to show that there is a representation as a SVAR(00).

32. At the end of Section 7, we show the sensitivity of our estimation procedure to alternative wage setting
equations.
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pectational errors, we obtain:

[)\ 1 %}A u? + Aoeuf =0 (3)

Uy
([/\ —1 2lm+lo 1-x 0]>A uz | +Ape = Doeuf_; =0 (4)
| -1

where pp is the matrix collecting the first order autoregressive coefficients in the reduced
form VAR.

The above equations (3) and (4) have to hold for all realizations of the shocks. In partic-
ular, equation (3) gives us two linear restrictions in the elements of A for given parameters
in the wage setting equation when there are either contemporaneous discount rate or pro-
ductivity /markup shocks. These two restrictions, together with the six restrictions coming
from the orthogonalization of the shocks, are sufficient to identify the column in the impulse
response matrix A corresponding to the leisure shock (uf). In order to identify the discount
rate and productivity/markup shocks (u, uf) we proceed as follows. From equation (4), we
obtain two extra linear restrictions that hold when there is a lagged discount rate shock or
a lagged productivity /markup shock. However, these restrictions alone cannot ”separate”

the discount rate from the productivity /markup shocks because they are identical for both.
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Therefore, we use the sign of the impact elasticities from our model to a discount rate and
productivity /markup shock (uz and u%/), respectively. Specifically, we search over all linear
combinations ¢ € [0, 1] of the independent restrictions coming from equation (4) such that a
discount rate (productivity shock/markup) shock: (i) moves prices and employment in the
same (opposite) direction on impact, and (ii) moves real wages and employment in opposite
(same) direction on impact. If more than one linear combination of the restrictions satisfy
these, we pick the one that is closer to giving equal weighting to both restrictions.

For completeness, the matrix A solves the system:

_0 0_
[A—lg }A 1o|=loo]
0 1
] 0 -
<[)\ -1 Zlp+lo 1-2 o])A ¢ | =0
1 —1
AN =V

It is worth noting that, when A = 1, this procedure cannot identify all columns in the
impulse response matrix A because the system above is underdetermined (i.e., (4) implies
linear restrictions that are merely linear combinations of the restrictions implied by equation
(3)). Therefore, some degree of wage stickiness is key for identification of the shocks through

this procedure. The next section shows how to estimate A using regional data—thus linking
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particular regional patterns to particular aggregate shock decompositions when combined

with the procedure in this section.

2.7 Estimating the Wage Setting Equation Using Regional Data

In this section, we discuss how we estimate A and ¢ which are necessary inputs in our shock
identification procedure. Given the above assumptions, the aggregate and local wage setting
equations can be expressed as:

1
= N + 5(7% —np—1) + (L =N+ AMuf — (1 — pe)er—1)

1
Ty = Mgt + a(nkt —ngg—1)) + (1= N7+ Muf — (1= pe)er—1) + Mg,

The aggregate and local wage setting curves are functions of the Frisch elasticity of labor
supply (¢) and the wage stickiness parameter (A). There is a literature on estimating micro
and macro labor supply elasticities. However, it is hard to estimate the degree of wage
stickiness using aggregate data given the small degrees of freedom inherent to aggregate
data and given that at the aggregate level it is hard to isolate movements in employment
growth and price growth that are arguably uncorrelated with the aggregate leisure shock
(uf). In some instances, regional data can be used to estimate these parameters.

In order for regional data to be used to estimate A and ¢, one of the following must

hold: either (1) the leisure shock has no regional component (v, = 0) or (2) the regional
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component of the leisure shock must be uncorrelated with changes in local economic activity
(i-e., cov(viy, (ngt — ngg—1)) = 0 and cov(vy,, 1) = 0). The latter condition holds if a valid
instrument can be found that isolates movement in ny; —ny;_1 and 7, that is orthogonal to
vy, In this section, we estimate A and ¢ using regional data on prices, wages and employment
growth during the Great Recession. We argue that state-level leisure shocks were small
during the Great Recession, thus allowing us to estimate A and ¢ by OLS. Additionally,
we use state-level house price variation during the early part of the Great Recession as an
instrument to isolate movements in ny; — ng;_1 and 7, that are orthogonal to local leisure

shocks. Both procedures yield estimates of A and ¢ that are fairly similar.

2.7.1 FEstimating Fquation and Identification Assumptions

Formally, we estimate the following specification using our state-level data:

Ty = bo 4+ b17y + ba(ngy — ngg—1) + 3wy + Dy + T X + egy

where b1 = A, bg = A/¢, b3 = (1 — X), and by = A(uf — (1 — pe)er—1). Any aggregate
leisure shocks are embedded in the constant term. The local error term includes Av, as well
as measurement error for the local economic variables. We estimate this equation pooling
together all annual employment, price and wage data for years between 2007 and 2011.
When estimating the above regression, we include year fixed effects (Dy). This ensures that
we are only using the cross-state variation to estimate the parameters. We estimate this

equation annually because we only have annual measures of wages at the state level. Our
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annual nominal wage measures at the state level are the composition adjusted nominal log
wages computed from the American Community Survey discussed above. mp,, therefore, is
the log-growth rate in adjusted nominal wages in the state between year ¢t and ¢ — 1. Our
measure of employment growth at the state level is calculated using data from the US Bureau
of Labor Statistics. The BLS reports annual employment counts and population numbers
for each state in each year. We divide employment counts by population to make an annual
employment rate measure for each state. ny; — nyp;_q1 is the log-change in the employment
rate between year t and ¢ — 1. 7 is log-change in the average price index in each state ¢
in year t. In our base specification, we use the retail scanner data local inflation rate scaled
to account for the difference between the local non-tradable share in the retail sector and
the composite consumption good. In alternative specifications, we use the raw inflation rate
from the retail scanner data as our measure of local inflation. Finally, in some specifications,
we include controls for the state’s industry mix in 2007. This allows for the possibility
that local leisure shocks, to the extent that they exist, may be correlated with the state’s
industry structure. Given that we have observations on 48 states for 4 years of growth rate
data, our estimating equation includes 192 observations in our base specification. We also
show results restricting our data to the period from 2007 to 2009, before the large changes
in unemployment benefits extension starting in 2010.

Two additional comments are needed about our estimating equation. First, the theory
developed above implies that by + b3 = 1. We impose this condition when estimating the
cross-state regression. Second, we believe our local wage and price indices are measured
with error. The measurement error, if classical, will attenuate our estimates of b; and bs.
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Additionally, because we are regressing wage growth on lagged wage growth, any classical
measurement error in wages in year ¢ will cause a negative relationship between wage growth
today and lagged wage growth. We proceed as follows to deal with this issue. Given the large
sample sizes on which our wage indices (price indices) are based, we split the sample in each
year and compute two measures of wage indices (price indices) for each state in each year.
For example, if we have 1 million observations in the 2007 American Community Survey, we
split the sample into two distinct samples with 500,000 observations each. Within each sub-
sample, we compute a wage measure for each state. Both these wage measures are measured
with error. Then, we use the growth rates in wages in one sub-sample as an instrument for
growth rate in wages in the other sub-sample. We discuss these procedure in detail in the
Online Appendix that accompanies the paper. As we show in that appendix, the procedure
corrects the attenuation bias from measurement error in our estimates.?3

In order to recover unbiased estimates of A and ¢ via OLS, we must assume vfc ;= 0. The
assumption that there are no local leisure shocks cannot generically be true. However, in the
Online Appendix, we provide some evidence suggesting that this assumption may be roughly
valid during the 2007-2011 period. We show that many potential leisure shocks highlighted
in the literature to explain the Great Recession had large aggregate components but varied
little in across US states. For example, the decline in routine jobs (Jaimovich and Siu (2014),
Charles et al (2013, 2015)) was dramatic at the aggregate level during the 2007-2011 period,

but occurred in all US states with roughly equal propensity. We show these results in Online

Appendix Figure R7. Likewise, some have argued that the expansion of government policies

33. This procedure is similar to the split sample instrumental variable estimation in Angrist and Krueger
(1995).
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acted like a leisure shock that discouraged work (Mulligan (2012)). We show that many of
these government policies—such as the expansion of the Supplemental Nutrition Assistance
Program (SNAP) —was large at the aggregate level but had little cross state variation. In
Online Appendix Figure R4, we show that SNAP benefits per recipient increased by roughly
30 percent between 2007 and 2011. Because the increase in per recipient benefit occurred at
the federal level, there was statutorily no variation in per recipient benefits across US states
during this time pelriod.34

One policy that has received considerable attention in its potential to act as a labor
supply shock is the differential extension of the duration of unemployment benefits across
states during the Great Recession. By law in 2010, weeks of unemployment benefits were
tied to the state’s unemployment rate. However, as of 2010, most US states met triggers
that resulted in the duration of unemployment benefits being close to the maximum of 99
weeks. These states comprised the bulk of the US population. However, some smaller states,
mostly in the Plains region of the US, had smaller employment declines and, as a result,
had a smaller extension of unemployment benefits.3? Despite the fact that there was little
population-weighted variation across states in unemployment benefit extensions during the
Great Recession, we still perform two additional robustness exercises to account for the

fact that the small policy differences across states that did occur may have discouraged

34. In the Online Appendix, we also show that there was no systematic variation in state labor income
tax rates during the 2007-2010 period. Additionally, we show that there was little state variation in Federal
programs to help underwater homeowners (like HAMP) that occurred during the 2007-2010 period. The
reason is that take up rates of the program during this time period were very low (with take up rates being
essentially zero prior to 2010).

35. States also had some discretion as to whether they opted into the program. This explains why some
states did not have the maximum weeks of unemployment benefits even when their unemployment rate was
higher. We discuss these policies and how they varied across states in detail in the Online Appendix.
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labor supply. First, when using our full time period, we exclude any state that had less
than 85 weeks of unemployment benefit extensions leaving us with a sample of states that
had essentially no remaining variation in unemployment benefit extensions. Given that the
exclude states were small in population terms, such exclusion had essentially no effect on our
estimates. Additionally, we re-estimate our key parameters using only data prior to 2010.
Prior to 2010, the duration of extended unemployment benefits were the same across all
states. We discuss these results below.

While we defend that OLS estimation of the above equation yields unbiased estimates of
A and ¢ using cross state variation during the Great Recession, it is impossible to completely
rule out that leisure shocks are causing some of the variation in state business cycles during
this period. To further explore the robustness of our results, we also estimate IV specifi-
cations of the above equation. Following the work of many recent papers, including Mian
and Sufi (2014), we use contemporaneous and lagged variation in local house prices as our
instruments for local employment and price growth. The argument is that local house price
variation during the 2007-2011 period (in our base specification) or during the 2007-2009
period (in our restricted specification) is orthogonal to movements in local leisure shocks.
This seems like a plausible assumption for the 2007-2009 period as state policy changes did
not occur prior to 2009. In the Online Appendix, we discuss the IV procedure in detail. We
also show that contemporaneous housing price growth strongly predicts contemporaneous
employment growth and lagged measures of housing growth predicts price growth. We find
that IV and OLS estimates are very similar.

Before turning to the estimation, it is also worth discussing the no cross-state migration
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assumption that we have imposed throughout. If individuals were more likely to migrate
out of poor performing states and into better performing states, our estimated labor supply
elasticities from the state regression may be larger than the aggregate labor supply elasticity.
While theoretically interstate migration could be problematic for our results, empirically it is
not the case. Using data from the 2010 American Community Survey, we compute migration
flows to and from each state and, then, construct a net-migration rate for each state. As
documented by others, we find that the net migration rate was very low during the Great
Recession (Yagan 2014). This can be seen from Appendix Figure Al. Both the low level
of inter-state migration and the fact that it is uncorrelated with employment growth during
this period makes us confident that our estimated parameters of our local wage setting curve

can be applied to the aggregate.

2.7.2 Estimates of A\ and ¢

Column 1 of Table 2.6 shows the estimates of our base OLS specification where we use all
data from 2007-2011 and do not include any additional controls. Our base estimates are
b1 = 0.69 (standard error = 0.13) and by = 0.31 (standard error = 0.08). As noted above,
b1 is A and by is A\/¢. Given our base estimates, the cross sectional variation in prices and
wages implies a labor supply elasticity of 2.2. Standard macro models imply a labor supply
elasticity of 2 to 4 based on time-series variation. The estimates from the cross-section of
states are in-line with these macro time-series estimates. Our base estimate of A = 0.69
suggests only a modest amount of wage stickiness. Perfectly flexible wages imply A = 1

while perfectly sticky wages imply A = 0. In other words, lagged wage growth predicts
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current wage growth conditional on current employment and price growth, but the effect is
much less than one for one (as would be implied by perfectly sticky wages). Below, we show
that similar regressions run on aggregate date yield much smaller estimates of A implying a
greater amount of wage stickiness.

Columns 2 and 3 of Table 2.6 show a variety of robustness checks for our base estimates.
In column 2 we include industry controls. Specifically, we include the share of workers in
2007 working in manufacturing occupations or in routine occupations. This allows us to
proxy for different degrees of wage stickiness or different potential leisure shocks that are
correlated with industrial mix. In column 3, we use the actual retail scanner data price index
as opposed to the scaled price index representative of the composite local consumption good.
Neither the inclusion of controls for local industry mix nor changing the scaling on local retail
price variation affect our estimates of A and ¢ in any meaningful way. In columns 4 and 5, we
re-estimate our base specification with and without industry controls using only data from
2007-2009 prior to the changes in national policy extending unemployment benefit duration.
Again, our estimates \ and ¢ remain 0.73 and 1.9, respectively.36 Finally, in columns 6 and
7, we show our IV estimates for the 2007-2011 period and the 2007-2009 period where we
instrument local employment growth and local price growth with contemporaneous and one
lag of local house price growth. Our estimates of A and A/¢ are 0.77 (standard error = 0.13)
and 0.76 (standard error = 0.17) implying an estimated Frisch elasticity of 1.0.

Regardless of our specification we estimate labor supply elasticities of between roughly

1.0 and 2.0. More importantly, all of our estimates imply a fair degree of wage flexibility

36. Additionally, we estimated our base specification excluding CA, NV, AZ, and FL. In both cases, our
estimates were nearly identical to our base specification in column 1 of Table 3.
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with our estimates of A ranging from about 0.7 to 0.8. These results are consistent with the
patterns shown in Figure 2.3 where local wages co-moved strongly with local employment
during the Great Recession. The estimation that wages are fairly flexible is a key insight
that is important for out main results in the next section and has broader implications for
the literature. In the context of the methodology we presented in the previous section as
well as our monetary union model, it is hard to get aggregate "demand” shocks to be the
primary shock driving economic conditions during the Great Recession if wages are fairly
flexible. In other words, if wages were sticky enough in the aggregate to have ”demand”
shocks be the primary driver of aggregate employment decline during the recent recession,
we would not have observed wages moving as much as they did in the cross-section of states
during the same time period.

To show the stark difference between local and aggregate estimates of wage stickiness, we
use aggregate data on prices, nominal wages, and employment between 1976 and 2012. This
is the same data that we will use in our SVAR estimation in the next section. Given the
short time-series sample, power is an issue. However, across all specifications we explored,
estimates of A using aggregate data ranged from about 0.4 to 0.6. These estimates are below
the estimates of 0.7 to 0.8 using local variation. If aggregate leisure shocks occur along with
shocks that shift labor demand, wages will appear sticky in the aggregate time-series. The
assumption of no aggregate leisure shocks is a common one when estimating wage stickiness

using aggregate data (see, for example, Christiano et al. (2015Db)).
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2.8 The US Great Recession: From Regional to Aggregate

The cross-regional facts presented above represent a puzzle. Aggregate nominal wages did
not fall much (relative to trend) during the Great Recession. However, local nominal wages
and employment were significantly, negatively correlated. Why did aggregate wages respond
so little during the Great Recession while there was a strong relationship across states?
One potential explanation is that a series of shocks made aggregate employment fall.
Some of these shocks put downward pressure on wages while others put upward pressure,
thus making wages seem unresponsive. However, if the shocks putting upward pressure on
wages were purely aggregate, they would be differenced out when considering variation across
states—thus resulting in the observed negative correlation between employment and wages
across states. Our methodology allows us to quantify the relative magnitudes of these shocks

and to assess their contributions to the behavior of prices, wages and employment.

2.8.1 Findings in the Aggregate

We follow the procedure described in Section 2.6. We first estimate the VAR with two lags
in aggregate employment growth, price growth and nominal wage growth via OLS equation
by equation using annual data from 1976 to 2012. We obtain sample estimators of the

. . S UU/
covariance matrix V = g IV ariables#ELags from reduced form errors U.

We construct aggregate variables that are comparable to our regional measures. Given
that our cross-sectional equations are estimated using annual data, we analogously define our

aggregate data at annual frequencies. We use data from the CPI-U to create our measure of
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aggregate prices. Specifically, we take log-change in the CPI’s between the second quarter of
year t and t — 1 for our measure of p;. For n, we use BLS data on the aggregate employment
to population rate of all males 25-54. We choose this age range so as to abstract from the
downward trend in employment rates due to the aging of the population over the last 30
years.37 Finally, we use data from the Current Population Survey (CPS), discussed above,
to construct our aggregate composition adjusted wage measure. As with the CPI, we take
the log-change in this wage measure between t and ¢t — 1 for our measure of wy. For all data,
we use years between 1976 and 2012.

Figures 2.4, 2.5, and 2.6 report the impulse response of aggregate employment, nominal
wages and price growth to each of the shocks using our benchmark estimates for A and ¢ re-
ported in column 1 of Table 2.6 (A = 0.69 and ¢ = 2.2). Figure 2.4 shows their behavior after
a one-standard deviation discount rate (7). Qualitatively, after a discount rate shock both
prices and employment increase sharply relative to trend while real wages decline slightly rel-
ative to trend. These results are identical to the theoretical predictions shown in Table 2.4.
Figure 2.5 shows the impulse responses to a one-standard deviation productivity /markup
(z) shock. Prices decrease on impact while employment increases sharply. Nominal wages,
however, only decline slightly. Again, these predictions match the predictions of our simple
theoretical model shown in Table 2.4. While both v and z shocks increase employment, the

~ shock puts upward pressure on prices while the z shock puts downward pressure on prices.

37. We detrend all data when estimating the VAR. Specifically, we allow for a linear trend in the employ-
ment to population ratio between 1978 and 2007. For the price inflation rate and the nominal wage inflation
rate, we use an HP filter (with a smoothing parameter of 100). Given that we detrend the data, our results
are essentially unchanged when we use the employment to population ratio for all individuals as opposed to
using it just for prime age males.
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Figure 2.6 shows the impulse response of employment, prices, and nominal wages to the
leisure shock. Upon impact, the leisure shock reduces employment and prices while it in-
creases wages. Again, these predictions match the predictions from the benchmark monetary
union model.

We now turn to quantifying the contribution of each shock to explaining the behavior of
the aggregate US economy during the Great Recession. To do so, we present the counterfac-
tual cumulative response of each individual variable when we feed the VAR with the sequence

38 Our analysis suggests that

of shock realizations between 2008 and 2012, one at a time.
”demand” shocks cannot be solely responsible for the employment decline during the Great
Recession. If "demand” shocks (i.e., discount rate shocks) were solely responsible, price
and wage inflation would have been lower. Instead a combination of ”supply” shocks (i.e.,
productivity /markup and leisure shocks) explain the "missing price and wage deflation” 39

Figure 2.8 presents the counterfactual employment response. Employment fell by more
than 4 percent between 2008-2009 (relative to trend) and remained at this low level thereafter.
The counterfactual exercise shows that the productivity /markup, discount rate, and leisure
shocks contributed about the same amount to the initial decline during the 2008-2009 period
(each explaining roughly one-third of the aggregate employment decline). However, the

discount rate and leisure shocks do not explain any of the persistence in the employment

decline post 2009. Instead, it is the productivity /markup shock that explains most of the

38. For the interested reader, the actual realizations of the shocks we estimate can be seen in Figure 2.7

39. The robust growth in consumer prices during the recession is also viewed as a puzzle for those that
believe that the lack of aggregate demand was the primary cause of the Great Recession. For discussions
of the "missing deflation”, see Hall (2011), Ball and Mazumder (2011), Stock and Watson (2012), and Del
Negro et al. (2015).
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sluggish response of employment post 2009.

Figures 2.9 and 2.10 help understand the ”missing price and wage deflation puzzle”.
Figure 2.9 shows the counterfactual price response to each of the shocks. Aggregate prices
fell relative to trend between 2008 and 2009 and quickly stabilized thereafter despite the
weak employment situation post-2009. This is the sense in which there was ”"missing price
deflation”. Both the discount rate and the leisure shock put downward pressure on aggregate
prices. However, the productivity /markup shock put upward pressure on aggregate prices.
The counterfactual analysis shows that if the economy had only been hit by the productiv-
ity /markup shock, prices would have risen (by upwards of 1 percent) relative to trend during
the Great Recession. Instead, we find that it is this countervailing productivity /markup
shock that arises as the explanation for the missing deflation puzzle—particularly post 2009.
This finding is consistent with the results of Christiano et al. (2015a).

Figure 2.10 shows the cumulative nominal wage response to each of the shocks. Again, the
figure shows the "missing wage deflation puzzle” during the Great Recession. Throughout
the recession, nominal wage growth was close to zero (relative to trend). However, if the
economy had only experienced the discount rate shock, nominal wages would have fallen by
roughly 1.5 percent relative to trend by 2009 and would have remained below trend in 2011.
It is the leisure and productivity /markup shocks that explain why nominal wages did not

fall during the Great Recession.
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2.8.2  Sensitivity to Alternative Parameters A\ and ¢

How do our estimated parameters affect our employment, price and wage counterfactuals?
In Table 2.7, we report the contribution of each shock to aggregate employment declines
implied by different combinations of {¢, A}. We do this for both the initial years of the
recession (2008 to 2009) and over the longer period encompassing the recovery (2008 to
2012). Each cell in Table 2.7 shows how much of the employment change during the time
period can be attributed to the discount rate shock (7) and how much can be explained by
the productivity /markup shock (z). The sum of all three shocks sums to 100 percent. So,
the difference between the sum of the v and z contributions and 100 percent is attributed
to the leisure shock (¢). The qualitative conclusions of the previous section still hold for
the range of {¢, A} estimates in Table 2.6. These go from roughly 0.7 to 0.8 for A and from
roughly 1.0 to 2.5 for ¢.

Table 2.7 offers several further results worth discussing. First, we observe that the relative
importance of the leisure shock vis-a-vis the discount rate and productivity /markup shocks
combined is governed by the Frisch labor supply elasticity (¢). We estimate a relatively
large elasticity, in the range of that used to calibrate standard macro models.*0 However,
suppose we used a much lower elasticity instead, e.g., ¢ = 0.5, which is in line with some

microeconomic estimates in the literature. In this case, the leisure shock would account for

40. This result may be of independent interest to the reader familiar with the macro v. micro labor supply
elasticities (see Chetty, Guren, Manoli, and Weber (2011)). Using cross-sectional data (same as in most of the
micro labor-supply elasticity literature) we arrive at an estimate similar to the macro elasticity (estimated
from aggregate time-series data). We believe this is because the regional variation in employment rates that
we use to estimate this elasticity only incorporates the extensive margin adjustment in the labor supply,
which is the same margin that is most important in accounting for aggregate fluctuations in total hours over
the business cycle.

231



a much larger fraction of the employment decline in the Great Recession. In other words, if
labor supply is fairly elastic, large movements in employment are consistent with relatively
small movements in real wages (as we observe in US data), without the need of large leisure
shocks. While this sensitivity analysis results from re-estimating the shocks under different
parameterizations for ¢ using our procedure, the intuition is in line with the benchmark
monetary union model from Section 4.

The intuition for the decomposition between discount rate and productivity /markup
shocks is more subtle but also in line with the our benchmark monetary union model. We
find that the degree of wage flexibility (\) affects their relative contribution to the remaining,
unexplained part by the leisure shock alone. For example, if we increased the degree of wage
ﬂexibility,41 the productivity/markup shock would account for a much larger fraction of
the employment decline in the Great Recession. Theoretically, it is clear that when \ is
large, the discount rate shock should not matter much for the determination of employment.
To see this, consider the extreme case where wages are perfectly flexible and the discount
rate shock is only composed of the monetary shock. Then the equilibrium in the simple
theoretical model satisfies monetary neutrality. We formalized this point in Section 2.5.6
when we derived the model’s implied elasticity of aggregate employment to a discount rate
shock. Conversely, when wages are very rigid (A = 0.1), our procedure suggest that discount
rate shocks explain essentially all of the decline in the early part of the recession and much

of the persistence in employment decline during the 2008-2012 period.

41. Tt is worth mentioning that for large values of A and small values of ¢, the results in Table 2.7 become
rather sensitive to small variations in parameters. This is because our shock identification procedure needs
a certain degree of wage stickiness, as explained in the Section 2.6. For example, for values of A around 0.95
it is not possible to identify the productivity /markup and discount rate shocks.
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2.8.3 Sensitivity to Alternative Identifying Assumptions

The above results are based on the particular functional form of our wage setting equation:

Wit = (P (Ng)#)* (W)~
Kt = (Ppee kt kt—1

This wage setting equation reflects our assumption of GHH preferences as well as no
forward looking behavior when wages are reset. Both of these assumptions were made for
tractability. In this sub-section, we explore the sensitivity of our results to relaxing both of
these assumptions.

In Appendix B1, we derive the aggregate and local wage setting equations under a broad
set of utility functions where consumption and leisure are non-separable. This class of
utility functions allows for arbitrarily large income and substitution effects. As we show
in the appendix, the use of local consumption data allows us to estimate the extent of
wage stickiness as well as to estimate the parameters that encompass both the income and
substitution effects on labor supply. In particular, we can estimate the following equation

using local data:

7'('%% = i)t + lN)lﬂkt + BQ(nkt —Ngt—1 + Bg?T,I:t_l + 64(th — th_1> + VD + FXk + €kt

This equation is identical to our estimating equation above aside from the addition of

local consumption growth (i.e., ¢x; — crr—1) - As outlined in Appendix B1, the coefficients b
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and b3 sum to 1 even under the broader preference specification. We impose this restriction
when estimating the modified equation. We measure local real consumption growth using the
log-change in real retail expenditures at the state level computed within the Nielsen sample.
We obtain real expenditures by deflating nominal expenditures with our local price indices.*2
For our base specification, our estimates of 151, 52, and 54 are 0.72 (standard error = 0.12),
0.25 (standard error = 0.08), and 0.16 (standard error = 0.06), respectively. A positive and
significant coefficient on real consumption growth (54) reflects the presence of income effects
on labor supply. Controlling for this income effect, our estimate of wage flexibility (51) is
slightly higher than our base specification where income effects are not allowed.

In the aggregate wage setting equation, we can substitute out consumption growth using

the model definition (¢; = wy +n¢ — pt). Appendix Bl shows that the aggregate wage setting

equation still takes the following form:

A

A
T = Amp 4+ —(ng —ny—1) + (1 = N)m’q + -

¢

€t

where w is a parameter that represents the strength of the income effect on labor supply
(and maps directly to by from the above local labor supply regression, see equation (5) in
Appendix B1). Aside from the coefficient scaling the aggregate leisure shock, this equation is
identical to the identification restriction we imposed when estimating the aggregate SVAR.

The only difference is that there is no longer a direct mapping between A and \/¢—in

42. This measure of real expenditures is (1) highly correlated with measures of local employment and (2)
highly correlated with the BEA’s recent state level personal expenditures measure. Our results are similar
if we use the BEA’s local consumption measure. However, we prefer our measure given that much of the
BEA’s local consumption measure is imputed (where the imputation uses local employment measures).
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the above aggregate wage setting equation that we impose to identify the SVAR—and the
reduced-form parameters 51 and Eg—in the local wage setting equation. However, as shown
in Appendix B1, there is still a one-to-one mapping between the parameters we estimate from
the local regression (51, by, and l~)4) and the aggregate parameters we need to identify the
SVAR (A and ¢). With the correctly specified A and ¢, we can just use the matrix in Table
2.7 to read off the decomposition of shocks during the Great Recession. While A and ¢ are no
longer structural parameters (instead being combinations of structural parameters), knowing
them still helps identifying the aggregate SVAR. Using our estimates of by, by, and by and
the procedure developed in Appendix B1, we estimate A and ¢ (allowing for income effects
on labor supply) to be 0.68 and 2.0, respectively. These parameters are nearly identical to
our base specification without income effects. The take-away from this sensitivity exercise is
that abstracting from income effects on labor supply is not biasing our decomposition of the
shocks driving aggregate employment declines during the Great Recession in any meaningful
way.

In Appendix B2, we specify an alternative wage setting equation allowing for forward
looking behavior when wages are reset. We show that ignoring forward looking wage setting
behavior biases up our estimates of wage flexibility. That is, the amount of wage flexibility
that we estimate using cross-state variation is too large relative to the true amount of wage
flexibility in the aggregate. We show that the bias depends on two parameters: (1) the extent
to which firms put weight on forward looking behavior when setting wages (which we call
k) and (2) the underlying persistence process of local wages (which we call py,). Assuming
that at the aggregate level the monetary authority wants to stabilize expected nominal wage
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growth, we quantify the extent to which our estimates of A from the local regressions are
biased upwards as a function of these two parameters. Under a range of plausible parameter
estimates for x and py, we show that the bias is quite small. For our baseline parameter
estimates, we show that k(1 — py,) must exceed 2.5 for the true A to be lower than 0.4.
This is an order of magnitude larger than any plausible parametrization for either s or py.
Moreover, as seen in Table 2.7, our estimates of the role of demand shocks in explaining
employment decline during the Great Recession are broadly similar for values of A\ between
0.4 and 0.69. These results suggest that our abstraction from including expectations in our

wage setting equation is not quantitatively altering the paper’s conclusions.

2.8.4 Discussion: Aggregate v. Regional Shock Decomposition

The above results suggest that aggregate wages appeared sticky during the Great Recession
because a combination of aggregate shocks resulted in relatively offsetting effects on aggregate
wages. By extending our procedure to allow for the estimation of regional shocks in a regional
SVAR, we find that that the discount rate shock explains roughly 80 percent of the change
in non-tradable employment between 2007 and 2010 across states. This is consistent with
results found in Mian and Sufi (2014) suggesting that housing price declines explained much
of the cross-state variation in non-tradable employment. We conclude that even though
discount rate shocks only explained a portion of aggregate employment decline early in the
Great Recession and very little of its persistence, the discount rate shock was primarily
responsible for much of the cross-state variation during this time period.

We relegate the discussion of the estimation procedure and identification assumptions
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to the Online Appendix—given that the estimation of regional shocks is not central to the
paper. However, this exercise allow us to highlight the difficulty in extrapolating findings
from cross-region variation to interpret aggregate time-series patterns. The fact that local
discount rate shocks explain much of the cross-state variation in employment during the
Great Recession does not imply that an aggregate discount rate shock explains much of the
aggregate time-series variation in employment during the Great Recession. If the discount
rate shock would have been the main driver of aggregate employment decline during the

Great Recession then aggregate wages would have behaved similarly to state-level wages.

2.9 Conclusion

Regional business cycles during the Great Recession in the US were strikingly different than
their aggregate counterpart. This is the cornerstone observation on which we built this
paper. Yet, the aggregate US economy is just a collection of these regions connected by
trade of goods and assets. We argued that their aggregation cannot be arbitrary and that
regional business cycle patterns have interesting implications for aggregate business cycles.

Our paper offers four takeaways. The first is that the relationship between wages and
employment in the aggregate time-series during the 2006-2011 period is very different than
the cross-state relationship between these variables during the same time period. For ex-
ample, while aggregate wages appeared to be sticky despite aggregate employment falling
sharply, both local nominal and real wages co-varied strongly with local employment growth
in the cross-section of US states. Both documenting the regional facts and the creation of

the underlying local price and wage indices are the first innovations of the paper.
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The second take-away is that wages seem to be modestly sticky when using cross-state
variation to estimate our wage setting equation. The amount of wage stickiness is often
a key parameter in many macro models. Despite its importance, there are not many esti-
mates of the frequency with which wages adjust (particularly relative to estimates of price
adjustments). We develop a procedure to estimate the amount of wage stickiness using
cross-region variation. The wage stickiness parameter is key to our empirical methodology
to estimate the underlying shocks and elasticities. The fact that we estimate that wages
are only modestly sticky limits the importance of “demand” shocks at the aggregate level in
explaining the Great Recession. If wages are only modestly sticky, aggregate demand shocks
should have resulted in falling aggregate wages—which was not observed in the aggregate
time-series. Regardless of the use of this parameter in our empirical work, our estimate of
wage stickiness could be of independent interest to researchers.

The third take-away from this paper is developing a methodology that allows us to
estimate aggregate shocks by combining aggregate and regional data. This methodology is
a hybrid method that merges restrictions imposed by a theoretical model with aggregate
and cross-sectional data when estimating a SVAR and identifying the corresponding shocks.
We view this as a contribution to the growing literature that uses model-based structure to
estimate SVARs.

Finally, the fourth take-away is perhaps the most important for the goals of the paper. We
show that a combination of both ”demand” and ”supply” shocks are necessary to account for
the joint dynamics of aggregate prices, wages and employment during the 2007-2012 period in
the US. In contrast with the aggregate results, we find that discount rate shocks explain most
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of the observed employment, price and wage dynamics across states. These results suggest
that solely using cross-region variation to explain aggregate fluctuations is insufficient when
some shocks do not have a substantive regional component. The fact that aggregate wages did
not fall cannot be explained by large degrees of wages stickiness. The reason aggregate wages
did not fall is that the series of shocks experienced by the aggregate economy were such that
some shocks put downward pressure on prices and wages (discount rate shocks) while other
shocks put upward pressure on prices and wages (productivity/markup and leisure shocks).
In the cross-section, however, the discount rate shocks caused prices, wages and employment
to move in the same direction. Lastly, in our calibrated monetary union model, we show that
the local employment elasticity to a local discount rate shock is substantially larger than
the aggregate employment elasticity to an identically-sized aggregate discount rate shock.
These results suggest that even when the aggregate and regional shocks are the same, it is
hard to draw inferences about the aggregate economy using regional variation. Collectively,
our results suggest that researchers should be cautious when extrapolating cross-sectional

variation to make statements about aggregate business cycles.
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2.10 Figures and Tables

Figure 2.1: Nielsen Retail Price Index vs. CPI Food Price Index
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Note: In this figure, we compare our monthly retail scanner price index for the U.S. as a whole
(dashed line) to the CPI's aggregate monthly food price index (solid line). We normalize both

indices to 1 in January of 2006.
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Figure 2.2: The Evolution of Aggregate Real and Nominal Composition
Adjusted Wages

3.45

3.35

w
[5°]
93

3.15

3.05 == = =

Log Average Adjusted Wages ($2000s)

2.95

2.85 T T T T T T
2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012

— = - Adjusted Log Real Wages —— Adjusted Log Nominal Wages

Note: Figure shows the evolution of aggregate real and nominal log wages within the U.S. between
2000 and 2012 using data from the Current Population Survey. The sample is restricted to only
males between the ages of 21 and 55, who are currently employed, who report usually working 30
hours per week, and who worked at least 48 weeks during the prior 12 months. As discussed in
the text, we adjust wages for the changing labor market condition over time by controlling for age,
race, education, and usual hours worked. We compute real wages by deflating our nominal wage

index by the CPI-U of the corresponding year.
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Figure 2.3: State Employment Growth vs. State Nominal and Real Wage
Growth, 2007-2010
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Note: Figure shows a simple scatter plot of the percent growth in the state employment rate between
2007 and 2010 against nominal wage growth (left panel) and real wage growth (right panel) during the
same period. The state employment rate comes dividing state employment from the BLS by total state
population from the BLS. Nominal wages are computed from the ACS and are adjusted for the changing
labor market composition of workers within each state over time. We restrict wage measures to a sample
of men between the ages of 21 and 55 with a strong attachment to the labor market. Our composition
adjustment controls for age, education, race, nativity and usual hours worked. See text for details. To
compute real wages, we adjust our nominal wage measures by our local price indices created using the
retail scanner data. The size of the underlying state is represented by the size of the circle in the figure.
The line represents a weighted regression line from the bi-variate regression.
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Figure 2.4: Impulse Response to a Discount rate Shock
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Note: Figure shows the impulse response to a one standard deviation discount rate shock. The
horizontal axis are years after the shock.

Figure 2.5: Impulse Response to a Productivity / Markup Shock
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Note: Figure shows the impulse response to a one standard deviation productivity /markup shock.
The horizontal axis are years after the shock.
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Figure 2.6: Impulse Response: Leisure Shock
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Note: Figure shows the impulse response to a one standard deviation leisure shock . The horizontal
axis are years after the shock.

Figure 2.7: Shock time-series
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Note: Figure shows the estimated aggregate shock realizations from 1980 to 2012.
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Figure 2.8: Counterfactual Employment Response
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Note: Figure shows the cumulative response of employment when we feed the VAR with the
sequence of shocks between 2008 and 2012; one at a time.

Figure 2.9: Counterfactual Price Response
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Note: Figure shows the cumulative response of Prices when we feed the VAR with the sequence of
shocks between 2008 and 2012; one at a time.
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Figure 2.10: Counterfactual Wage Response
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Note: Figure shows the cumulative response of Wages when we feed the VAR with the sequence
of shocks between 2008 and 2012; one at a time.
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Table 2.1: Comparison of Cross-State and Time-Series Estimates of Wage
Elasticities During the Great Recession

Nominal Real
Employment Rate Wage Wage
Cross-State
Cross-State Wage Elasticity With Respect to Employment, 2007-2010 0.62 0.52
(0.10) (0.15)
Aggregate
Actual Aggregate Growth, 2007-2010 -7.7 percent 3.8 percent -0.9 percent
Expected Aggregate Growth, 2007-2010 (Based on 2000-2007 Trend) -0.9 percent 5.5 percent -2.1 percent
Aggregate Deviation from Expected Growth, 2007-2010 -6.8 percent -1.7 percent 1.2 percent
Aggregate Wage Elasticity With Respect to Employment, 2007-2010 0.25 -0.17

Note: Table compares the wage elasticity to a one percent change in the employment rate estimated
off of cross-state data (top panel) to a similarly defined wage elasticity estimated off of aggregate
time-series data during the 2007 to 2010 period (bottom panel). The cross-state elasticities come
from the simple scatter plots shown in Figure 3. Standard errors from the regression line in the
scatter plots are shown in parentheses. The aggregate time-series elasticity is computed using
aggregate data. For the aggregate nominal wage data, we use the adjusted wage series we created
using data from the CPS. See text for details. For aggregate real wages, we adjust the nominal
wage data by the June CPI-U. To get predicted nominal and real wage growth between 2007 and
2010, we take a simple linear prediction of the corresponding nominal and real growth between the
2000 and 2007 period. Once we get the deviation between actual wage growth and predicted wage
growth between 2007 and 2010, we divide that difference by -6.8 percent. -6.8 percent is the decline
in the aggregate employment rate between 2007 and 2010 above and beyond what would have been
predicted from changes in the employment rate between 2000 and 2007. We use aggregate data
from the BLS to compute the employment rate in 2000, 2007 and 2010.
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Table 2.2: Calibration

Value Target
o 0.62 Aggregate labor share in the non-tradable sector in 2006
0 0.55 Aggregate labor share in the tradable sector in 2006
15 0.16 Aggregate labor share in 2006 (0.61). See on-line appendix
o 2 Intertemporal elastictiy of substitution
0] 2 Frisch elasticity. See Section 2.7.2 for estimation
A 0.7 Wage stickiness. See Section 2.7.2 for estimation
op | 1.5 Taylor Rule from Gali (2011)
Py 0.5 Taylor Rule from Gali (2011)
oy | 0.01 Trade balance-output ratio volatility = 2 from Mendoza (1991).
R 0.03 Real interest rate
X | 0.32 Intermediate inputs over output ratio US 2006
B 2.1 Median net worth to output ratio in the US 2006
Py 0.9 Persistence of discount rate shock
pz | 0.76 | Persistence of productivity shock from the model. See on-line appendix
pe | 0.66 Persistence of leisure shock from the model. See on-line appendix
Table 2.3: Aggregate v. Regional Employment Impact Elasticities
py 0.9 0.9 0.9 0.6 0.1
B 0.16 0 0.16 0.16
o 15 15 15 1.31 15
oy 0.5 0.5 0 0.5
0.0) | (0.7,2)  (0.7,1)  (0.5,2) | (0.7,2) | (0.7,2) (0.7,2) | (0.7,2) (0.7,2)
~ 0.77 0.53 1.29 0.74 Tl 176 0.71 0.31
Aggregate | z 0.29 0.20 -0.35 0.28 024 -1.07 0.29 0.29
e -0.65  -0.51 -0.28 -0.69 -0.26 0.41 -0.65  -0.65
5 176 1.26 2.95 2.85 1.76 1.76 0.36 0.03
Regional 2V 0.44 0.38 -0.18 0.10 0.44 0.44 0.44 0.44
eglona P 0.08 -0.06 0.23 0.05 0.08 0.08 0.08 0.08
e 064  -052  -0.16 -0.43 20.64  -0.64 0.64  -0.64

Note: The table summarizes the response of employment on impact to each of the model shocks
under our base calibration (column 1) and alternate calibrations (columns 2-8). The rows represent
the employment response to different aggregate shocks (top three rows) and different local shocks
(bottom three rows). Columns 2 and 3, explore the elasticities under different calibrations of wage
stickiness and the Frisch elasticity of labor supply. Column 4 examines the robustness to changes in
the tradable share of the intermediate good. Columns 5 and 6 examine the results under alternate
Taylor Rule parameters. The final two columns change the persistence of the demand shock. The
units are percentage deviations from the steady state, in the case of aggregate employment, and
percentage deviations from the aggregate in the case of regional employment.
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Table 2.4: Aggregate Elasticities (A\=0.7, ¢=2)

n T it w”

v 077 164 142 -0.22

Short run | z | 0.29 -2.73 -1.81 0.92
e |-0.65 094 1.13 0.19

~v1| 056 1.01 1.03 -0.16

Long run | z | 0.12 -0.66 -0.79 0.40
e |-0.18 035 0.32 0.05

Note: The table summarizes the response of each aggregate variable to the shocks in percentage
deviations from the steady state. The "short” elasticity is the response at date ¢ = 0. The ”long”
elasticity is the response after 5 years.

Table 2.5: Regional Elasticities (A=0.7, ¢=2)

n T T w”

v | 1.76 254 240 -0.14
2Y 1 044 -2.00 -1.25 0.75

Short run | 5 | oe 029 031 0.02
e | 064 071 097 026
~ 1012 =028 -030 0.19
21063 031 023 021
Long run

2% 1-0.06 -0.03 -0.04 0.04
e |-044 -0.12 -0.20 0.14

Note: The table summarizes the response of each island level variable to the shocks in percentage
deviations from the steady state. The "short” elasticity is the response at date ¢ = 0. The "long”
elasticity is the response after 5 years.
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Table 2.6: Estimates of A and % using Cross- Region Data

Specification
OLS v
2007-2011 2007-2009 2007-2011 2007-2009

&) @ 3 &) Q) Q) ®
A 0.69 0.69 0.75 0.73 0.73 0.77 0.79

0.13) 0.13) (0.13) 0.17) (0.17) (0.13) (0.18)
Mo 0.31 0.32 0.31 0.39 0.39 0.76 0.99

(0.08) (0.08) (0.07) (0.09) (0.10) (0.17) (0.25)
Implied ¢ 22 22 2.4 1.9 1.9 1.0 0.8
Year Fixed Effects Yes Yes Yes Yes Yes Yes Yes
Industry Controls No Yes Yes No Yes Yes Yes
Scaling Factor of Prices 1.4 1.4 1.0 1.4 1.4 1.4 1.4

Note: Table shows the estimates of A and % from our base wage setting specification using the
regional data. Each observation in the regression is state-year pair. Each column shows the
results from different regressions. The regressions differ in the years covered and additional control
variables added. The first three columns show the OLS results using all local data between 2007
and 2011. Columns 4 and 5 show OLS results using only data from 2007 through 2009. The
final two columns show IV results for the different time periods. In the IV specifications, we
instrument contemporaneous employment and price growth with contemporaneous and lagged
house price growth. We adjust for measurement error in wage growth, lagged wage growth, and
price growth using the split sample methodology discussed in the Online Data Appendix. All
regressions included year fixed effects. All standard errors are clustered at the state level.
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Table 2.7: Discount/Interest rate (v) and Productivity/Markup (z) shocks’
contribution to aggregate employment change

2008 to 2009 2008 to 2012
¢ ¢

A 0.5 1 2 3 4 0.5 1 2 3 4
0.1 0% 103 83 108 107 108 40 -34 46 57 52

z -3 22 -3 -1 -2 47 126 48 38 43
0.3 0% 47 66 51 29 101 -13 -25 -33 -20 9

z 2 16 45 71 1 98 123 134 121 92
0.5 0% 8 36 31 13 92 -1 -13 -19 2 47

z 6 16 48 74 0 94 123 133 111 65
0.7 0% 0 0 30 21 11 47 48 -12 -12 0

z 3 33 33 53 69 53 72 136 135 122
0.9 0% 0 0 0 2 3 45 47 41 15 9

z -1 24 54 64 69 58 79 91 114 118

Note: Table shows the percent contribution of the demand and supply shocks to the aggregate
employment change implied by our procedure for different combinations of the parameters. For
a given pair {¢, A}, the *y’ entry corresponds to the demand shock. The ‘2’ entry to the supply
shock. The percent contribution of the leisure shock can be calculated by subtracting the sum of
both entries from 100. Entries with * are such that no decomposition of the shocks satisfy the
identification restrictions for those parameter values.
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2.11 Appendix

2.11.1 Proof of Lemma 1 and 2

The following equations characterize the log-linearized equilibrium

1
wiy = Megs + 5”/@) + (L= M (wpy_1 — Thet)

wy, = —(1— (a+ «96))71% — (1 —0)(ng, — n%t) + z%t + Bz,

0=E¢ (mupsy1 — mugs — Tre1 — Thes1 — Polcre — cr) + opme + oy(er — 7))

1o 1+ ¢
Cegrp1 — N 2 (

MUy = — €ht+1 T nkt+1))

g
6 N
Nnj = Nnj, + NYnj,
ckt:wzt—l—nzt
by = (1 b ] { L+ 0nt, — —
et = (1+7)( kt71+2t)+B(Zkt+ Nyp — Tht) — T'T¢

0= Z]:gt — (Wi —qt) — (1 = 9)715/%

T =1y, + (W — 1)

Zxkt = Z(zlft + Onjy)
k
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From the last 3 equations, after adding up, it holds that n{ = n% Then the aggregate

log-linearized equilibrium evolution of {7}, wy,nt} is characterized by

0 = E¢(mug 1 — mug — w41 — Y1) + @pEt[mer1] + oy(wy +ny)

1
W%U = (et—F—nt—wg)

¢

wp =—(1—=(a+08)n + 2

1+¢
7(1+¢

mugyl = — 5 it nt+1)>

1t (C(w§+1 +ner1) — N

which is equivalent to the system of equations characterizing the log-linearized equilibrium in
a representative agent economy with a production technology that utilizes labor alone with
an elasticity of a+60, no endogenous discounting and only 3 exogenous processes {z¢, €, V¢ }-
The top equation is the aggregate Euler equation. The second equation is the aggregate wage
setting equation. The third equation is effectively the aggregate labor demand curve.

To prove Lemma 2, just take log-deviations from the aggregate in the original sys-

tem. This results in the system characterizing the evolution of {ﬁt,fd}t,fz%,ﬁf} for given
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{0, 25 3, &},

5 . _ 1 /N*__ NV_ 5
W = A (pt + € + 5 (an + Wn%)) + (1 = MW
W =pr — (1 — (a+08)af — (1 —0)(Af — af) + 2] + BEF
Wy = 2 — (1 —0)nf

0 = E¢ (w1 — g — (Pra1 — Br) — Po(@ — Bt + 1Y) — Fi41)

- - 5 o 1+ ¢ N?T _ NY _
(C’(le — Pt+1 + n%+1) - N ¢ < 3 €t+1 + <an+1 =+ Wnty+1

- _ o
mug4+] = — 5 T+¢
C— 1N

This system is identical to the original where we have set iy = ¢+ = 0 and dropped the

market clearing condition in the intermediate goods market.

2.11.2 Alternative wage setting specifications

2.11.2.1 Preferences with wealth effects in labor supply

In our benchmark specification for the wage setting equation we assumed that the marginal
rate of substitution between consumption and hours worked is independent of consumption
(as is the case with GHH preferences). In this section we explore the consequences of moving
away from this assumption for our econometric procedure in Section 2.6. For a general set

of preferences represented by u(c,n), we can write the marginal rate of substitution in log-
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deviations from steady state as,

UenC  UccC UnpnT  Unc
mrsis = — Crt + — ——C | Ny
Un Uce Un Un

1
= wegy + (w + g) Nt

which nest the special case with no wealth effects (w = 0) and so we obtain the marginal

rate of substitution from our benchmark specification. The aggregate and state level wage

setting equations become,

A 1 A
T =N+ e — €1+ (g +w)(nt —ng—1) Fwler — 1)) + (1 = AN)m

~ ~

. N 1 N N .
Wiy = NPrt + €kt + (g_% +w)itgy + W) + (1 — N)ibgg—1

Replacing aggregate consumption with the model implied w¢ + ny — pr we obtain

A
W%”U :)\Wt—i_g_b(nt_nt_l)—i_(l_)\)Wﬁl+ 11— (€t — €-1)
. 1
A1-w) 1 gt . .
where A = 35—~ and 3= T=u Also, we can re-write the state level equation as
. _ A - A _ - . .
Wit = APkt + o't + (1= Nwg—1 + m(pkt + Cpt — (Wge + Tgy)) + T (5)

Since state level economies are open economies, in general, the term Py + ¢ — (Wpy + Ngt)

will be different from zero. By omitting it in our cross-sectional regressions we could be

obtaining biased estimates of \, ¢.
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2.11.2.2 Forward looking wages

In our benchmark specification for the wage setting equation we assumed that there was
no forward looking term in the target wage. In this section we explore the consequences
of having a forward looking component in the wage setting equation for our econometric
procedure in Section 2.6. In particular, consider the aggregate and state level wage setting

equations

1
T = N+ e — 61 + 5(7% —ny—1)) + ARE[mS ]+ (1= )7

. . N 1. . . .
Wiy = NPrt + € + 5“@6) + ARE[W)p 41 — Wie] + (1 — N)Wpp—q

where k parameterizes the importance of the forward looking term. Also, lets consider
the case where local wages follow an AR(1) process in equilibrium with coefficient p,, and
aggregate expected wage inflation is zero. Our model from Section 2.5 , would imply this,
for instance, when 6 — 1 so that wy; = Z7, in equilibrium and py = pg; and the monetary

authority fully stabilizes expected aggregate nominal wage growth. We obtain,

1
T = Nrme + € — €1 + 5(% —ng1)) + (1= N7
. A (B + s + 1. )+ 1—A .
Wi = _ € —n —— Wt
Then, we can write,
1 — Buw

B 1+ 5@0“(1 - ﬁw)
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where (5, = — 1A From this expression we see that our estimates for A using cross-
T+ 6 (1—pw)

state variation are upward biased. However, we can get a notion on the magnitude of the
bias by asking what would (1 — py,) have to be in order for A to be less than some A\y. We

obtain,

1_510_)\0

L= pw) > =3 %

For example, given our lower estimate for ,, = 0.5, in order for A\ to be below 0.1 we would

need a k(1 — py) larger than 8.
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2.12 Appendix Figures

Figure B1: State Net Migration Rate 2009-2010 vs. State Employment Growth
2007-2010
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Note: Figure shows state net migration rate between 2009 and 2010 against employment growth
in the state during 2007-2010. Employment growth comes from the BLS and is defined in the text.
State net migration rates come from American Community Survey.
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2.13 Online Appendix

2.13.1 Descriptive Statistics For Retail Scanner Data

Online Robustness Appendix Table B8 shows descriptive statistics for the Nielsen Retail
Scanner Database for each year between 2006 and 2012 and for the sample as a whole. A
few things are of particular note. The sample sizes - in terms of stores covered - increased
from 32,642 stores (in 2006) to 36,059 stores (in 2012). Second, notice that the number
of observations (store*week*UPC code) is massive. The database includes over 90 billion
unique observations.  Third, during the entire sample, there is about 1.4 million unique
UPC codes within the database.  On average, each year contains roughly 750,000 UPC
codes. Fourth, the geographic coverage of the database is substantial in that it includes
stores for about 80 percent of all counties within the United States. Moreover, the number
of geographical units (zip codes, counties, MSAs, states) is very similar from year to year
highlighting that the geographical coverage is consistent through time. Finally, the dataset
includes between $188 billion and $240 billion of transactions within each year. For the time
periods we study, this represents roughly 30 percent of total U.S. expenditures on food and
beverages (purchased for off-premise consumption) and roughly 2 percent of total household

cons.umption.43

43. To make these calculations, we compare the total transcation value in the scanner data to BEA re-
ports of total spending on food and beverages (purchased for off-premise consumption) and total household
consumption.
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2.13.2  Creating the Scanner Data Price Index

In this sub-section, we discuss our procedure for computing the Retail Scanner Price Indices.
Formally, the first step is to produce a category-level price index which can be expressed as

follows:

Ziej Pit ki t—1k
k —
>iciPit—1kGit—1k

L _ plL
Pj7tay7k - Pj7t717ya

where P]%t, uk is price index for category j, in year t, with base year y, in geography k.
For our analysis, geographies will either be U.S. states or the country as a whole. p; 4 is
the price at time ¢ of the specific good 7 in geography k and g; ;_1 j is the average monthly
quantity sold of good ¢ in the prior year in location k. By fixing quantities at their
prior year’s level, we are holding fixed household’s consumption patterns as prices change.
We update the basket of goods each year, and chain the resulting indices to produce one
chained index for each category in each geography, denoted by le:t, .- In this way, the index
for months in 2007 uses the quantity weights defined using 2006 quantities and the index
for months in 2008 uses the quantity weights defined using 2007 quantities. This implies
that the price changes we document below with changing local economic conditions is not
the result of changing household consumption patterns. Fixing the basket also minimizes
the well documented chain drift problems of using scanner data to compute price indices
(Dielwert et al. (2011)). Notice, this procedure is very similar to the way the BLS builds
category-level first stage for their price indices.

When computing our monthly price indices, one issue we confront is how to deal with
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missing values from period to period. For example, a product that shows up in month m
may not have a transacted price in month m 4+ 1 making it impossible to compute the price
change for that good between the two months. Missing values may be due to new products
entering the market, old products withdrawing from the market, and seasonality in sales.
Our results in the paper are robust to the various ways we dealt with missing values but
clearly the price indices will generally differ depending on how one treats such data points.
Although we could have used some ad hoc imputation methods like interpolation between
observed prices or keeping a price fixed until a new observation appears, we chose to follow a
more conservative approach. Looking at the above equation, we see that we can handle the
missing values without imputation by restricting the goods that enter the basket to those
that have positive sales over at least one month in the previous year and over the 12 months
of the current year. This is what we do when creating our indices. For example, when
computing the category prices in 2008 we use the reference basket for 2007. In doing so, we
only take the goods that have g; 9097% > 0 and g; ;. > 0 for all ¢ € 2008.%  This ensures
that for a given product in the price index during year ¢, we will have a weight for this
product based on t — 1 data and we will have a non-missing transaction price in all months

45 The bottom row of Appendix

in which the price index is computed during that year.
Table B8 includes the share of all expenditures (value weighted) that were included in our

price index for a given year. In the five later years of the sample, our price index includes

44. The database starts in 2006. As a result, our baseline specification of the 2006 price indices only
includes products that have positive sales in all months of 2006.

45. This procedure implies that we will miss products that are introduced within a given year. These
products, however, will be incorporated in next year’s basket as long as they have continuous sales during
the subsequent calendar year.
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roughly two-thirds of all prices (value weighted).

The second stage of our price indices also follows the BLS procedure in that we aggregate
the category-level price indices into an aggregate index for each location k. The inputs are
the category-level prices and the total expenditures of each category. Specifically, for each

state we compute:

at at—1
S5kt ik
2
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Py 4\ PE
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where 5’;,]{ is the share of expenditure of category j in month ¢ in location k averaged
over the year. We calculate the shares using total expenditure on all goods in each category,
even though for the category-level indices some goods were not included due to missing
data. For the purposes of this paper, we make our baseline specification one that fixes the
weights of each category for a year in the same fashion as we did for the category-level
indices. However, as a robustness specification, we allowed the weights in the second step to

be updated monthly. The results using the two methods were nearly identical.

2.13.83  Creating Composition Adjusted Wage Measures in the ACS and

CPS

To make the composition adjusted wage measures in the 2000 U.S. Census and the 2001-
2012 American Community Survey (ACS), we start with the raw annual data files that we

downloaded directly from the IPUMS website.*0  For each year, we restrict the sample to

46. The ACS is just the annual survey which replaces the Census long form in off Census years. The
national representative survey started in 2001. As a result, the Census and ACS questions are identical.
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include male individuals between the ages of 25 and 55 (inclusive) who do not live in group
quarters. We further restrict the sample to individuals who (1) are currently employed, (2)
report working usually more than 30 hours per week (inclusive), (3) report working at least
48 weeks during the prior year, and (4) report earning at least 5000 dollars during the prior
year. These latter restrictions select workers with a strong attachment to the labor force.
For each individual, we create a measure of hourly wages. We do this by dividing annual
labor income earned during the prior twelve month period by reported hours worked during
that same time period. Our labor income also includes business income.*”  Hours worked
are computed by multipling weeks worked during the prior twelve month period by usual
weekly hours worked.  With the data, we compute wage measures for each year between
2000 and 2012. We wish to stress that within the ACS, the prior year refers to the prior 12
months before the survey takes place (not the prior calendar year). Individuals interviewed
in January of year t report earnings and weeks worked between January and December of
year t — 1.  Individuals in June of year ¢ report earnings between June of year ¢ — 1 and
May of year t. Given that the ACS samples individuals in every month, the wage measures
we create for year ¢ can be thought of as representing average wages between the middle of
year ¢t — 1 through middle of year ¢.  This differs slightly from the timing in the Current
Population Survey (CPS) which we discuss next.

To create measures of composition adjusted wages, we regress In(wage;;) on three dum-
mies for usual weekly hours worked (hours worked 30-39, hours worked 50-59, and hours

worked 60+), five age dummies (age 25-29, age 30-34, age 35-39, age 45-49, and age 50-

47. Our results were robust to excluding business income from our measure of labor earnings.
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55), four education dummies (less than high school, exactly high school, exactly a bachelors
degree, and more than a bachelors degree), a dummy if the individual’s race is black, and
dummies for the individual’s citizenship.  This regression is run separately for each year.
We weight each regression using the individual survey weights provided by the Census and
ACS. After running the regression, we compute the residuals for each individual. To rescale
the residuals, we add back in the regression constant for all individuals. Finally, we convert
the composition adjusted log wage residuals back to levels. To make the annual state level
composition adjusted wage index, we just take the weighted average of wage residuals across
individuals in each state separately for each year.

To examine longer aggregate trends in composition adjusted wages, we use data from
the March Current Population Survey. We download the data directly from the IPUMS
website.  As with the ACS data, we restrict the sample to men between the ages of 25
and 55 who do not live in group quarters and who have a strong attachment to the labor
force (currently employed, worked 48 weeks during the prior year, and currently report
working at least 30 hours per week during a usual week). We also restrict the data to those
individuals with positive sample weights. Our procedure for making composition adjusted
wages are identical to above aside from the following three changes: (1) we do not control
for citizenship given that citizenship is not consistently measured over our sample period,
(2) our sample period is 1977 through 2012, and (3) we pool years together when running
regressions to increase power. In particular, we run our regression on three separate time
periods: 1977-1995, 1996-2000, and 2000-2012.  We break the sample into three periods
because the CPS earnings questions changed in 1995 and the CPS expanded its sample in
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2000.

2.13.4 BLS Metro Area Price Indices

The U.S. Bureau of Labor Statistics produces 27 metro areas price indices at various degrees
of time aggregation.*® For each metro area, the BLS publishes multiple price indices (food,
nondurables, etc.). Although there are only 27 MSAs, we can still explore the relationship
between unemployment growth between 2007 and 2010 and the cumulative inflation rate
between 2007 and 2010 using these data. We then can compare the relationship between
local unemployment growth and local scanner price inflation that we document in Section 3
with the relationship between local unemployment growth and local inflation computed using
the BLS data. Given the price indices are only provided semi-annually for many MSAsS,
we compare the change in the unemployment rate and prices from the first half of 2007 to
the latter half of 2010. When data is provided monthly or bi-monthly, we simply take the
geometric average over the first and last half of the year to make the data semi-annual. As
with the results in the main paper, we use data from the BLS’s local area unemployment
statistics to measure the percentage point change in the local unemployment rate.

Using this data, we regress the 3-year inflation rate at the MSA level on the 3 year change
in the unemployment rate. ~ We run this regression for various inflation measures (food,

services, all goods less housing, etc.). The results of these simple regressions using the BLS

48. The 27 MSAs are (in order of reporting frequency): Chicago, Los Angeles, New York, Atlanta, Boston,
Cleveland, Dallas-Fort Worth, Detroit, Houston, Miami, Philadelphia, San Fransicso, Seattle, Washington,
Anchorage, Cincinnati, Denver, Honolulu, Kansas City, Milwaukee, Minneapolis, Phoenix, Pittsburg, Por-
talnd, St. Louis, San Diego, and Tampa. The first three MSAs have price indices that are reported at
monthly frequencies. The next 11 MSAs have price indices that are reported at bi-monthly frequencies.
The last 13 price indices are reported semi-annually.
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data are strikingly similar to our results using the scanner data. For example, the results
using the scanner index find that a 1 percentage point increase in the local unemployment
rate is associated with a 0.38 decline in the local inflation rate (for the specification where
goods are defined as UPC-store pairs). Within the BLS data, we find that a 1 percentage
point increase in the local unemployment rate is associated with a 0.34 percentage point
decline in the local food inflation rate (standard error = 0. 22).

Also, as predicted by our simple model in the paper, the relationship between the in-
flation rate for all goods and the local unemployment rate change should be higher than
the relationship between food inflation and the local unemployment rate change if food is
relatively more tradable than the local consumption good. We cannot test this within our
scanner data. However, the BLS data allows us to test this prediction directly. Within the
BLS data, the relationship between the inflation rate for all goods with the change in the
unemployment rate is in fact higher at -0.47 (standard error = 0.15). The fact that the coef-
ficient is larger in magnitude is consistent with our belief that the variation in packaged food
data across regions should be a lower bound for the variation in the average consumption
good given that the packaged goods in our dataset are relatively more tradable.

The patterns that we document for the 2007-2010 period with the BLS data are very
consistent with the results in Fitzgerald and Nicolini (2014) that use the BLS MSA level
price indices to show these relationships over a much longer time period. Fitzgerald
and Nicolini (2014) find that over the period of 1976-2010, a 1 percentage point increase in
the local unemployment rate is associated with a 0.3 percentage point decline in the local
annual inflation rate. In summary, a limitation of our price data is that it only covers goods
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sold in grocery, pharmacy and mass-merchandising stores. The fact that the patterns we
uncover are nearly identical for similar goods using the BLS metro area price indices is very
reassuring. Moreover, as predicted, using broader measures of goods in the BLS data seems
to only strengthen the cross-region variation. Our data is an advance over the BLS metro
level data in that can be calculated for every state and, if one desires, a much larger set of

metro areas.

2.13.5 Cross-State Wage Patterns in the QEW

While there are no government data sets that produce broad based composition adjusted
wage series at the local level, the Bureau of Labor Statistics’s Quarterly Census of Employ-
ment and Wages (QEW) collects firm level data on employment counts and total payroll at
local levels. These measures are broad based in that the underlying data are collected as part
of the state and federal unemployment insurance programs and covers roughly 98 percent
of workers in the U.S.. Using this data, yearly earnings-per-worker can be computed at the
state level. This measure is an imperfect measure of wages in that it is not adjusted for cycli-
cal movements in hours worked. Additionally, the measure does not adjust for changes in
the composition of workers over the business cycle. Finally, the earnings measures reported
include wages and salary as well as bonuses, stock options, and in some states, contributions
to deferred compensation plans. These latter measures are not included in the ACS wage
indices.

Despite these differences, the cross state correlation between growth in our composition

adjusted wage index from the ACS and the growth in earnings-per-worker from QEW is
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quite high. Online Appendix Figure B2 shows the simple scatter plot of the growth in the
ACS and QEW wage measures between 2007 and 2010. If we fit a line through the scatter
plot, the slope coefficient is 0.72 (standard error = 0.20). The correlation between the two
measures is about 0.5. Online Appendix Figure B3 shows that even within the QEW data,
there is a strong relationship between employment growth and earnings-per-worker growth
during the Great Recession. The z-axis of Online Appendix Figure B3 is QEW employment
growth between 2007 and 2010. QEW employment growth is essentially perfectly correlated
with the employment growth measure we use from the BLS in Tables 1 and 2. The y-axis
of Online Appendix Figure B3 is QEW nominal earnings per worker growth between 2007
and 2010. As seen from the figure, places with lower employment growth had lower nominal
wage growth. The slope coefficient from the line in the scatter plot is 0.45 (standard error
= 0.07). This is very similar to the estimated relationship between employment growth and

ACS nominal growth during the same time period as show in Table 1 of the main paper.

2.13.6  Accounting for Measurement Error in Wages and Prices

Formally, in Section 6 of the main paper, we estimate the following specification using our

regional data to obtain estimates of A and ¢:

Tht = bo + b1mgg + ba(ngy — nge 1) +bgmiy_q + WD + T X + ey

where by = X, ba = A/¢, b3 = (1 — A), and by = AM(uy — (1 — pe)es—1).  However, given our

data construction procedures, the regional inflation rate (7;), regional nominal wage growth
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(m15;), and regional lagged nominal wage growth (7, ) are all measured with error.  If the
measurement error were classical, our estimates of b1 and b3 would be attenuated. Moreover,
given that we measure nominal wages in each period and then compute the changes over
time to get the growth rates, any measurement error in our nominal wage measure in a given
year will induce a negative correlation between m3 and 7y ;. This type of measurement
error would cause b3 to be biased downward.

Given that we want to recover structural parameters, we take these measurement errors
seriously.  To account for the measurement error in 7y, 7T}é)t, and 7Tl7%Ut—1’ we exploit the
large sample sizes underlying our the construction of local price and wage measures. We
begin by addressing the measurement error in prices. Using the underlying data in from
Nielsen, we split the data in half by product categories.  As discussed, the Nielsen data
includes roughly 1,000 product categories. =~ We split the underlying data into two groups
of categories: sample 1 includes all the odd category numbers (1, 3, 5, etc.) while sample 2
includes all the even category numbers (2, 4, 6, ect.). We then construct state level prices

indices for each month using the data from sample one (P]‘jtamp 1) and then separately using

the data from sample two (Pljtamp 2). When running our key equations, we instrument the
inflation rate using the price indices computed with data from sample 1 (Wzgmp 1) with the
inflation rate using the price indices computed with the data from sample 2 (WZ?mp 2). Not
surprisingly, the annual inflation rates obtained from each of the two separate data samples

are highly correlated. Specifically, running the first stage equation on our annual data from

2007-2011:
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sampl samp?2

Tt =1+ wlﬂkt + Y2 Dt + Yerror

yields an estimate of 1)1 = 0.268 (standard error = 0.06) with an adjusted R-squared of

mp

0.84. The F-stat from including WZ? 2 i5 19.6. Using the above relationship, we can make

a predicted inflation measure:

N n ~ samp2 0
The = Yo+ U1y 0 + oDy

It is this predicted inflation measure that we include in our estimating equation. ~We
adjust standard errors accordingly to account for the predicted regressor.

We perform a similar methodology to adjust for the measurement error in wages. Specif-
ically, we use a random number generator to split the underlying micro data from the ACS
into two equal sized samples. Individuals within a year with a random number less than or
equal to 0.5 go into sample 1 and individuals within a year with a random number greater
than 0.5 go into sample 2.  As a result, for each year, we will have three samples of data
within each year: sample 1 individuals, sample 2 individuals, and all individuals. Within
each sample, we can make measures of adjusted nominal wages (where the adjustment for
observables as is discussed in the paper). With the adjusted nominal wages for each year
and each sample, we can compute nominal wage growth for each year-sample pair. To
account for the measurement error in nominal wage growth, we run the following two ”first

stage” equations using our annual data from 2007-2010:
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1 _w sampl

1 1
7Tkt wO + wl kt w2 Dt + werror

2 _w,samp2

2 2
7Tk;t 1_¢O+w1 kt—1 +¢2Dt+¢ermr

Specifically, we use sample 1 data to predict contemporaneous wage growth and use
sample 2 data to predict lagged wage growth. This ensures that any measurement error in
our current wage growth measure will not be correlated with the measurement error in our
lagged wage growth measure. Like with the price data, the wage data are highly correlated
across the samples. For the contemporaneous wage growth equation, our estimate of ’QZ}%
is 0.80 (with a standard error of 0.03) and an adjusted R-squared of 0.89. The F-stat

w ,sampl .

from including is 78.3. For the lagged wage growth equation, our estimate of ¢1

is 0.30 (with a standard error of 0.04) and and adjusted R-squared of 0.66. The F-stat
w,samp2

from including 7,,” is 75.6. Using these regressions, we can make measurement error

adjusted current and lagged wage growth measures:

~ 1 _w,sampl 1
ity =g + dim " 4+ gD

~w 29 wsamp2 22
A1 = o+ bimy " + 03D

It is these predicted measures that we use in our estimation equations. Specifically, our

key estimating equation can be expressed as:
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Tep = bo + 017y + bo(npy — np 1) + bgﬁ}é)’t_l +UD; +TXy, + epy

In the main text of the table, we suppress the hats on the variables. We adjust the
standard errors by bootstrapping to account for the fact that the measures of price and

wage growth are estimated.

2.13.7 Variation in Government Policy Changes Across States During
Great Recession

In the main text, we argued that we could identify unbiased estimates of A and ¢ using
regional variation via OLS if v, = 0. This assumption would be violated if government
policy changed differentially across states in a way that discouraged labor supply. In this
section of the appendix we show that the difference in many such policy changes across states
were small (particularly relative to the aggregate changes) and that these policy changes -
to the extent that they did occur - occurred after 2009. Specifically, we focus our attention
on four such government policies: state income tax rates, federal food assistance programs,
federal programs to help underwater homeowners renegotiate their mortgage contract, and
the extension of unemployment benefits. Our analysis shows that for these major policies,
our assumption that these policies varied little across regions and the extent to which they
did vary was uncorrelated with local measures of economic activity is not at odds with the
data.

Using data on statutory tax rates by state from the tax foundation and micro data on
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individual incomes by state from the American Community Survey, we compute the average
marginal tax rate for each state in 2007 and 2010. State income tax changes were not that
common during this time period. Roughly 90 percent of the states, population weighted,
had essentially no change in their average marginal tax rate during this time period. As
seen from Online Appendix Figure B4, the extent to which the average marginal tax rate
changed between 2007 and 2010 was uncorrelated with state employment or price growth
between 2007 and 2010.

Likewise, Online Appendix Figure B5 shows no correlation in the growth in benefits from
the federal Supplemental Nutrition Assistance Program (SNAP) and employment growth
across states during the 2007-2010 period. SNAP is the successor to the federal Food
Stamps program. This program was expanded dramatically during the Great Recession.
Given that the SNAP program is means tested, an expansion of the program can discourage
work effort. This point is made by Mulligan (2012). Using summary data from the US
Department of Agriculture, we measure the dollar per SNAP recipient for each state between
2007 and 2010. The average recipient received an increase about 33 percent during the 2007
to 2010 period. Yet, there was very little regional variation in the increase (a standard
deviation of only 4 percent across the states, population weighted). As seen from Online
Appendix Figure B5, the variation that did occur across states was uncorrelated with state
unemployment growth.  So, while the increase in SNAP benefits may have discouraged

labor supply at the aggregate level, there is very little variation across U.S. states.*® This

49. We also explored whether the eligibility for SNAP differed across states in a way that is correlated
with the change in state economic conditions between 2007 and 2010. We found no evidence suggesting
such a relationship.
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is not to say that SNAP total dollars paid did not differ across states. It is saying that the
dollar per recipient did not vary across states. If a local shock hit that resulted in people
not working, the number of people eligible for SNAP would increase. We are showing that
all the variation in SNAP dollars paid across states was due to the changing number of
recipients across states NOT the change in the dollar per recipient.

Another new federal program that was means tested and was argued to possibly dis-
courage work effort during the latter part of the Great Recession was the Home Affordable
Modification Program (HAMP). HAMP was designed to help homeowners who were under-
water renegotiate their mortgage. The program was authorized in early 2009 but there were
no significant modifications taking place until mid 2010. By the end of 2010, only about
0.5% of households had participated in the program. As seen from Online Robustness
Appendix Figure B6, the extent to which households participated in the program varied
slightly with the state’s employment growth between 2007 and 2010. A one percent decline
in employment growth was only associated with a 0.07 percentage point increase in HAMP
take up (i.e., from 0.50% to 0.57%). This effect is very small. However, given that
there was some relationship between HAMP take up and underlying economic conditions
within the state, we perform a robustness specification in our cross sectional estimation that
excludes 2009 and 2010 data and therefore only focuses on the periods before HAMP went
into effect. As discussed in the main text, these estimates were very similar to our baseline
estimates. Additionally, we excluded states with the highest amount of loan modifications
(CA, FL, NV and AZ) as a robustness specification. Our results were unchanged when
these states were excluded.
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Finally, we explored the extent to which unemployment benefits were differentially ex-
tended at the state level. During the 2007-2011 period, unemployment benefits increased
from about 26 weeks per recipient to upwards of 99 weeks per recipient in some states. Some
researchers have argued that this large increase in the duration of unemployment benefits
can explain only a small portion of the aggregate decline in employment (Rothstein (2012)
) while others have argued that it can explain a more substantive portion of the aggregate
decline in employment (Hagedorn et al. (2013)). By law in 2010, weeks of unemployment
benefits were tied to the state’s unemployment rate. This implies that there will be a
correlation between the total amount of unemployment benefit extension within the state
and the change in the state employment rate between 2007 and 2010. Online Appendix
Figure R6 shows this correlation. As of 2010, 70 percent of U.S. states had a duration of
unemployment benefits that exceeded 86 weeks. These states represent roughly 90 percent
of the U.S. population. However many smaller states, mostly in the Plains region of the
U.S., had small employment declines and only an extension of unemployment benefits from
60-85 weeks.?

A simple regression line through Online Robustness Figure B7 shows that a 1 percent
decline in employment growth was associated with an additional 1.5 weeks of unemployment
benefits.  Again, this is a tiny change. However, as discussed in the main text, we
can reestimate our model focusing only on data before the unemployment benefit extension

occurred (i.e., prior to 2010). As we show in the main text, the results are nearly identical

50. States also had some discretion as to whether they opted into the program. This explains why some
states did not have the maximum weeks of unemployment benefits even when their unemployment rate was
higher.

275



to our base specification. Additionally, we can include only those states that had an
increase in unemployment benefits to at least 86 weeks (using all years of our data).51 If
pooling together states that had large and small unemployment benefits were biasing our
estimates of A and ¢, our estimates would change once we excluded the low unemployment
benefit during states. It is comforting that our estimates did not change at all when these
states were excluded. This says that the fact that unemployment benefit durations changed
differentially across states is not biasing our results in any substantive way.  This is not
surprising when one realizes that essentially all states (population weighted) had increases

in unemployment benefit duration to at least 86 weeks.

2.13.8 Controlling for Industry Controls in Estimates A and ¢

Charles et al. (2013) document that the secular decline in manufacturing depressed em-
ployment rates during the 2000s.  Autor and Dorn (2013) show that declines in routine
employment also depressed employment rates during the 2000s. Both of these prior papers
exploit variation across either MSAs or commuting zones. As we show in Online Robust-
ness Appendix Figure B8, there is very little variation in routine occupation shares across
U.S. states as of 2007 and the extent to which there is variation, it is uncorrelated with
employment growth during the 2007-2010 period. We define routine occupations to include
all manufacturing and administrative occupations. Although not shown, a similar pattern

exists for just manufacturing employment as of 2007. This is consistent with the results in

51. The excluded states are: Arkansas, lowa, Louisiana, Maryland, Mississippi, Montana, Nebraska, New
Hampshire, North Dakota, Oklahoma, South Dakota, Utah, and Wyoming.
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Charles et al. that most of the decline in manufacturing employment within the U.S. during
the last 15 years took place in the early 2000s. As a robustness exercise, we control for the
2007 share of routine jobs within each state and the 2007 share of manufacturing jobs in
each state. As seen from the main text, adding these controls do not alter our estimates in
any meaningful way. We also explored adding more detailed industry controls (at the one
digit level). Again, these controls did not alter our estimates of A and ¢ in any meaningful

way.

2.13.9 IV Procedure to Estimate A and ¢

As a specification check on our estimation procedure, we attempted to isolate variation in
labor demand across states that were orthogonal to shocks to labor supply. We build on the
work of many others (including Mian and Sufi 2014) by looking at changes in housing prices.
Instead of instrumenting housing prices with local housing supply elasticities to isolate a
causal effect of housing price changes, we use housing prices directly as a instrument. We
are not interested in getting a causal effect of housing prices on local labor markets. Instead,
we are interested in isolating movements in wage growth, price growth, and employment
growth that is orthogonal to changes in the taste for leisure at the local level. The key
condition we need is that (1) the house price changes were not caused by changes in the
taste for leisure and (2) the house price changes did not cause a change in the taste for
leisure, our identification strategy will be valid. Like with our OLS estimates, we estimate
the IV procedure over two time periods - the full 2007-2010 period and the shorter 2007-2009

period (prior to the potentially reactionary change in state policy variables).
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Specifically, we use two instruments: contemporaneous and lagged housing price growth.
We instrument for contemporaneous employment growth and price growth. Given we restrict
the coefficient on lagged wage growth to be one minus the coefficient on price growth, we
only need two instruments to estimate A and ¢. Not surprisingly, the housing variables
predict both employment growth and lagged wage growth. The first stage F-stat for the

instruments in predicting employment growth is 17.3.

2.13.10 Parameter Calibration

In this section we explain how we determined the values of the following parameters used in
the paper (see Table 2 in the paper): p, (persistence of productivity shock), pe (persistence

of the labor supply shock), and /5 (intermediates share in the non-tradable sector).

2.13.10.1 Persistence Parameters in Shock Processes

To measure the persistence parameters of the productivity /mark-up shock and labor sup-
ply/leisure shock we use two equations from the model from which we can back them out.

For the productivity /mark-up process, z¢, we use the aggregate labor demand equation:

wf = —(1— (a+08))m + 2

For the labor supply/leisure process, €, we use the aggregate wage-setting equation:




In these equations, we plug in the values for the other parameters and the aggregate data
that we used in our VAR and solve for z; and €. With the time series of these processes we

measured their AR(1) persistence coefficient obtaining p, = 0.76 and pe = 0.66

2.13.10.2 Input Shares

Here we just explain how we computed the values for [, the share of intermediate inputs.

The labor shares in the non-tradable and tradable sector are, respectively:

wNY
o= —"
PYVY
wN¥

08 =
b PYY

The aggregate employment share in the economy is

9= wN* +wNY
QYT+ PYY

Divide through by PYY

NT | wNY
9 — Pyv +pyy 0B+«
= TQVTiPYV G
~—Ppyv + Py

Rearranging we get 3.

95+a:19(1—|—g§z)
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08+a=19(1+p)

We used values for employment shares in the economy, the tradable and non-tradable sector

in 2006 to get a value for g of 0.16.

2.13.11  Estimating the Regional Shocks

The procedure for estimating regional shocks and elasticities follows a similar logic than the
one for aggregate shocks. The recursive solution to the equilibrium system of equations in
Lemma 2 can be written as a SVAR(co) in {py, @, iy } when @f = 0. Given that there are
four shocks at the local level, we need one further identification restriction. We set 0§ = 0
and provide some evidence for this choice in the next section. The regional SVAR, therefore,

can be expressed as follows:

Again, this vector autoregression representation is consistent with a much more general
class of models than the one characterized in Lemma 2. From here on we will be working

with a subset of these general class of models such that the regional wage setting equation
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in log-linearized form holds,

NY N — NV
wt:A(pt+— 7

Ngbﬁt + m@f - wt)) + (1= N1

This equation is obtained from replacing the tradable goods labor demand and labor market
clearing condition into the wage setting equation.

The first step in the procedure consists in estimating the reduced form VAR via OLS to
obtain the autoregressive matrix p(L) and the reduced form errors covariance matrix V. In
practice we will truncate p(L) to be of finite order.

We now derive the identification restrictions that allow us to estimate A and the shocks.
Applying the conditional expectation operator E;_1(.) on both sides of the wage setting

equation and constructing the reduced form expectational errors we obtain,

o
N — NY
(L N-NY ) NY I A| 5 —— "0y =0 6
{ 1 <>\ T N¢(1—9)> N¢ } i N¢(1—9)U v (©)
of
Similarly, constructing E;_1(.) — E;_2(.), we obtain
~Y
Vi1
1 N—NY
1-A (L N-NY ) NY |5 |A| 5 A
({0 3 0}+{1 (x+ #5i%) Ncb}pl) N T L
~Y

where p1 is the matrix collecting the first order autoregressive coefficients in the SVAR. As
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with the procedure for identifying aggregate shocks, we can identify the impulse matrix A
with these extra linear restrictions, the orthogonality of regional shocks, and the model-

implied co-movement on impact of the variables in the SVAR.

2.13.12 Findings at the regional level

We follow the procedure in Section 2.13.11. We first estimate the VAR with two lags in
state-level non-tradable employment, price and nominal wage growth via OLS equation

52 All variables are expressed in log-deviations from their average weighted

by equation.
by population in 2006. We pool all data between 2006 and 2011, and estimate common
autoregressive coefficients and reduced form errors covariance matrix for all states. In our
benchmark specification, we set {¢, A} equal to our estimates from our base specification
in the paper. We set § = 0.55 to match the labor share in the manufacturing sector in
the US and NW?J = 0.85 to match the share of total employment in the service sector plus
self-employed /family workers as reported in the BLS.

Table B9 summarizes the contribution of the discount rate shock and the combined

productivity /markup shocks to non-tradable employment, wages and prices. We define shock

J’s contribution to the change in variable y between 2007 and 2010 as

1
>k wi (AT g —Agy)?
1
2 S on (B =BG

& =

where wy, are population weights in 2006; Ay, is the change in variable y in state k between

52. We define non-tradable employment in a state as the employment rate in the service and retail sectors
combined.
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2007 and 2010; and A7 U is the counterfactual change if only shock 7 would have occurred.
Note that fi is always in [0, 1] and increases when the counterfactual and actual changes in
variable y are close to each other.

For our benchmark (A, ¢) = (0.7,2) we find that the discount rate shock contributed 79
percent to the change in non-tradable employment between 2007 and 2010 across all states;
41 percent to local price changes and 24 percent to local wage changes. We obtain similar
numbers for (A, ¢) = (0.5,1). We conclude that the discount rate shock was the main driver
of regional variation in non-tradable employment.

Table B10 summarizes a second set of results from the regional counterfactuals. We
characterize the joint distribution of cumulative growth rates between 2007 and 2010 for
each variable across states with two statistics: the variance and the correlation with each
other. We compare the actual statistics from our data in Section 3 with the counterfactu-
als obtained when simulating one shock at a time. Again, we find that the discount rate
shock alone can generate 98 percent of the cross-state variance of non-tradable employment
growth; 69 percent of the price growth variance; and 47 percent of the nominal wage growth
variance. Moreover, it reproduces the right sign for the cross-state correlations of price
growth and non-tradable employment growth; nominal wage growth and non-tradable em-
ployment growth; and nominal wage growth and price growth. Although, quantitatively, it
generates a larger correlation between prices and non-tradable employment than in the data.
Both productivity /markup shocks combined can explain only 35 percent of the non-tradable
employment growth variance across states. They do as good a job as the discount rate in
explaining 85 percent of the variation in price growth and a worse job in explaining 26 per-
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cent of nominal wage growth variance. However, they imply negative correlations between
price/wage growth and non-tradable employment growth. The opposite is observed in the
data. We conclude that the discount rate shock alone does a fairly good job in reproducing
the regional patterns that we documented in the paper. To improve the estimated fit, non-
tradable and tradable productivity /markup shocks are needed. However, their contribution

to aggregate employment changes are small.
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2.13.13 Online Appendix Figures

Table B8: Descriptive Data for the Nielsen Scanner Price Data

Individual Years

Combined Years

2006 2007 2008 2009 2010 2011 2012 Total Average
Number of Obs. (million) 12,013.1 12,812.2 13,037.5 12,968.3 13,153.4 13,646.7 13,6188 90,250.1 13,035.7
Number of UPCs 725,224 762,469 759,989 753,984 739,768 742,074 753,318 1,425,484 748,118
Number of Chains 86 85 87 86 86 86 82 88 85
Number of Stores 32,642 33,745 34,830 35,343 35,807 35,645 36,059 39,368 34,867.3
Number of Zip Codes 10,869 11,123 11,357 11,476 11,589 11,639 11,626 11,797 11,382.7
Number of Counties 2,385 2,468 2,500 2,508 2,519 2,526 2,547 2,568 2,493.3
Number of MSAs 361 361 361 361 361 361 361 361 361
Number of States 49 49 49 49 49 49 49 49 49
Transaction Value (US billion) 187.9 207.8 219.6 223.7 227.6 235.2 239.5 1541.2 220.2
Pct. Value used in Price Index 54.3% 50.0% 66.4% 66.0% 68.3% 68.0% 67.7% 63.4% 63.0%

Note: Table shows descriptive statistics for the underlying data that we used to create our Scanner
Price Index using the Nielsen Retail Scanner Data.
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Table B9: Discount rate () and Productivity/Markup (z) shocks’ contribution
to change in regional variables

(A, 9) w_ p A

EV [ 24 41 79
072 | & | 17 39 11
& 60 20 11
&1 19 40 79
051 | & | 14 41 11
&l e7 19 10

Table B10: Regional counterfactual statistics

Data | Discount rate | Productivity /Markup
o2 /(odatay2 | 0.98 0.35
o2/ (odatay? | 0.69 0.62
o2 /(cdatay2 [ 0.47 0.26
Bp,ny 0.48 0.73 -1.82
Bw,ny 0.51 0.47 -0.66
Bp.w 0.32 0.65 0.37

Note: The first three lines in the table show the counterfactual variance across states relative
to the actual variance of the total percent change in each variable between 2007-2010. The last
three lines show the population weighted OLS coefficient corresponding to each variable pair.
For example, B, v is the coeflicient in the regression of price growth between 2007-2010 onto
employment growth in the non-tradable sector where each state is weighted by its population in
2006. The second column corresponds to the counterfactual with the v shock alone. The third
column corresponds to the counterfactual with both 2%, 2¥ shocks and no = shock.
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Figure B2: QEW Nominal Per Worker Earnings Growth vs. ACS Adjusted
Nominal Wage Growth, 2007-2010
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Note: Figure shows scatterplot of nominal wages from QEW against ACS nominal wage
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Figure B3: QEW Nominal Per Worker Earnings Growth vs. QEW Employment
Growth, 2007-2010
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Note: Figure shows scatterplot of nominal wages from QEW against QEW employment growth.
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Figure B4: Change in State Tax Rate vs. State Employment Growth: 2007-2010

0
1

-5
@)

Change in tax rate 07-10 (percentage point)

T T T T T T
-12 -10 -8 -6 -4 -2
Employment Growth 07-10 (percent)

Note: Figure shows the change in the average marginal tax rate in a state between 2007 and 2010
against employment growth in the state during the same period. Employment growth comes from
the BLS and is defined in the text. To compute the average marginal tax rate in the state we use
data from the American Community Survey and state tax rate formulas from taxfoundatoin.org.
Using the American Community Survey, we compute the fraction of state residents in 15 labor
income bins as well as the mean income within each bin. We then compute the marginal tax rate
in that bin. Averaging over the bins, we get the state average marginal tax rate. Our procedure
does not account for any state level deductions or exemptions. Additionally, it assumes no one
files jointly. It is mean to give a summary statistic for the state average marginal tax rate.
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Figure B5: State SNAP Growth vs. State Employment Growth: 2007-2010
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Note: Figure shows the change in SNAP payment growth per recipient at the state level between
2007 and 2010 against employment growth in the state during the same period. Employment
growth comes from the BLS and is defined in the text. SNAP growth per recipient was collected
from http://www.fns.usda.gov
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Figure B6: State HAMP Take-Up vs. State Employment Growth 2007-2010
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Note: Figure shows number of households participating in HAMP programs in 2010 against em-
ployment growth in the state during 2007-2010. Employment growth comes from the BLS and is
defined in the text. HAMP participation comes from http://www.treasury.gov.
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Figure B7: Max Unemployment Benefit Receipt in 2010 vs. State Employment
Growth 2007-2010
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Note: Figure shows the maximum number of unemployment benefits allowed in state in 2010
against employment growth in the state during 2007-2010. Employment growth comes from the
BLS and is defined in the text.
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Figure B8: Routine Share of Employment in 2007 vs. State Employment
Growth 2007-2010
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Note: Figure shows the routine share of employment in the state in year 2007 against employment
growth in the state during 2007-2010. Routine employment is defined as anyone working in a
manufacturing or administrative job. Routine employment shares are computed from the 2007
American Community Survey.
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CHAPTER 3
MORTGAGE-BACKED SECURITIES AND THE FINANCIAL

CRISIS OF 2008: A POST MORTEM

written jointly with Harald Uhlig

3.1 Abstract

We examine the payoff performance, up to the end of 2013, of non-agency residential
mortgage-backed securities (RMBS), issued up to 2008. For our analysis, we have cre-
ated a new and detailed data set on the universe of non-agency residential mortgage backed
securities, per carefully assembling source data from Bloomberg and other sources. We com-
pare these payoffs to their ex-ante ratings as well as other characteristics. We establish five
facts. First, the bulk of these securities was rated AAA. Second, AAA securities did ok: on
average, their total cumulated losses up to 2013 are under six percent. Third, the subprime
AAA-rated RMBS did particularly well. Forth, the bulk of the losses were concentrated on
a small share of all securities. Fifth, later vintages did worse than earlier vintages. Together,
these facts call into question the conventional narrative, that improper ratings of RMBS

were a major factor in the financial crisis of 2008.

3.2 Introduction

post mortem: an examination of a dead body to determine the cause of death.
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Gradually, the deep financial crisis of 2008 is in the rearview mirror. With that, standard
narratives have emerged, which will inform and influence policy choices and public perception
in the future for a long time to come. For that reason, it is all the more important to examine
these narratives with the distance of time and available data, as many of these narratives
were created in the heat of the moment.

One such standard narrative has it that the financial meltdown of 2008 was caused by an
overextension of mortgages to weak borrowers, repackaged and then sold to willing lenders
drawn in by faulty risk ratings for these mortgage back securities. To many, mortgage backed
securities and rating agencies became the key villains of that financial crisis. In particular,
rating agencies were blamed for assigning the coveted AAA rating to many securities, which
did not deserve it, particularly in the subprime segment of the market, and that these ratings
then lead to substantial losses at institutional investors, who needed to invest in safe assets
and who mistakenly put their trust in these misguided ratings.

In this paper, we re-examine this narrative. We seek to address two questions in particu-
lar. First, were these mortgage backed securities bad investments? Second, were the ratings
wrong? We answer these questions, using a new and detailed data set on the universe of non-
agency residential mortgage backed securities (RMBS), obtained by devoting considerable
work to carefully assembling source data from Bloomberg and other sources. This data set
allows us to examine the actual repayment stream and losses on principal on these securities
up to 2014, and thus with a considerable distance since the crisis events. We find that the
standard narrative needs substantial rewriting: the ratings and the losses were not nearly as
bad as one is often led to believe.
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Specifically, we calculate the ex-post realized losses as well as ex-post realized return
on investing on par in these mortgage backed securities, under various assumptions of the
losses for the remaining life time of the securities. We will also calculate these returns,
when purchasing these securities at market prices in 2008 and 2009. We compare these
realized returns to their ratings in 2008 and their promised loss distributions, according
to tables available from the rating agencies. We shall investigate, whether ratings were a
sufficient statistic (to the degree that a discretized rating can be) or whether they were,
essentially, just “noise”, given information already available to market participants at the
time of investing such as ratings of borrowers. We also compare the realized returns to the
returns on government bonds, in order to judge whether investors shunning these securities
in favor of the latter would have fared better, and how much, if so.

It is obvious, that such an ex post evaluation is different from the perhaps more appro-
priate evaluation ex ante. Ideally, one would take investments in these securities in 2008,
evaluate their payoffs in all possible future states of the world, appropriately discounted and
compare that to the original investment or their later market prices. Likewise, ideally we
would compare those future random streams of payoffs to that of other securities with a sim-
ilar rating. Crafting these counterfactuals and finding those comparison securities appears
to require considerable structure and assumptions. Whether convincingly feasible or not,
any such analysis would still need to be benchmarked to the actual and observed realization.
That is why we view our contribution as the key step even for such an ex-ante analysis.

We establish five facts. First, the bulk of these securities was rated AAA. Second, AAA
securities did ok: on average, their total cumulated losses up to 2013 are under six percent.
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Table 3.12 presents more detailed results for these returns, depending on the market segment
and assumptions regarding terminal value: these results are presented in greater detail in
subsection 3.4.4. The most important result here may be that AAA securities provided an
internal rate of return of about 2.44% to 3.31%, depending on the scenario. The yield on
10-year treasuries in 2008 was between 3 and 4 percent: the difference is surely smaller than
what the standard crisis narrative seems to suggest. It mattered quite a bit, whether the
mortgages were fixed rate or floating rate. Overall, though, these returns on AAA RMBS
strike us as rather reasonable, and unlikely to have thrown the financial system into the
abyss.

While we judge the losses on AAA securities to be modest, losses were considerably larger
on securities with ratings other than AAA. We examine them in considerable detail. We
find that ratings by and large did a good job in sorting securities into categories of risk, as
measured by their losses ex-post, starting at a substantial increase in losses, when moving
from AAA to AA securities. We find some rating reversals. For example, the accumulated
value-weighted loss as a fraction of principal was higher for AA-rated securities than for
securities rated C or below even as late as 2012.

Overall, however, these non-AAA-reated securities were of minor importance. The bulk
received the AAA rating, so that the substantial losses on most of the non-AAA securities
end up to be of comparable total magnitude to the modest losses on AAA-rated securities.
Figure 3.4 shows the cumulative total losses across the universe of non-agency residential
mortage backed securities, up to 2013. The total losses amounted to no more than 350
billion dollars, with about 100 billion dollar of these losses attributed to the AAA-rated
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securities. To put this in perspective, the total losses are less than 2.5 percent of US GDP
or less than half a percent annualized over that period, and quite a bit less than the amount
devoted to the 2009 American Recovery and Reinvestment Act or “stimulus” package. From
a macro-economic perspective, it is hard to get very excited about losses of that magnitude.

It may be good to emphasize that we only examine non-agency residential mortgage
backed securities. Agency-backed securities were backed implicitly by the tax payer and
explictly by programs of the Federal Reserve Bank, and therefore their role in the crisis
was largely a matter of policy. We also do not investigate higher layers of leveraging and
repackaging, such as, say, AAA-rated collateralized debt securities, backed by a basket of
lower-rated mortgage-backed securities. Note that losses here are just redistributing the
losses of the original TMBS. There are a variety of other securities that got their share of
blame. None have received quite the attention of non-agency residential mortgage backed
securities, though, which are the focus here.

The paper proceeds as follows. Section 3.3 discusses our unique and novel data set, and
how we assembled it. Subsection 3.4 contains our analysis. Subsection 3.4.1 examines the
ratings, in particular their relationship and their predictive value for future losses. Subsec-
tion 3.4.2 examines the depth, probability and distribution of losses. In subsection 3.4.3
we explore errors in rating from an ex post perspective, and the degree of rating reversals,
where securities with higher ratings experienced larger losses than those with lower ones.
Subsection 3.4.4 examines the resulting annualized returns on an investment at par value,
under a range of assumptions on the terminal value. We revisit these return calculations,
when examining investment at 2008 market value, in section 3.4.5, shedding light on the
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question of underpricing and fire sales during that time. Section 3.5 concludes.

3.3 The data

We seek to investigate the market for residential non-agency mortgage-backed securities.
These securities are excluded from guarantees or insurance by the government agencies
“Fannie Mae” (FNMA), “Freddie Mac” (FHLMC) or “Ginnie Mae” (GNMA) due to certain
characteristics, such as “jumbo loans” exceeding the limit of, say, 333700 $ in 2004, loans
on second properties such as vacation homes, insufficient documentation or borrowers with
credit history problems. At the end of 2003, non-agency MBS/ABS had an outstanding
amount of 842 billion $, constituting 20% of the entire market for MBS, with agency-backed
securities constituting the other 80%.

For our investigation, a major challenge was to obtain a suitable data set for these
securities. The market is characterized by considerable decentralization. While the appointed
trustees of a deal are responsible for providing investors with detailed information about
the performance of the loans underlying the securities every month, there is no centralized
repository that collects and organizes the datal. In terms of prices, many of these securities
do not trade very often, and when they do so the transactions are over-the-counter. This
makes it impossible to obtain a suitable time series of transaction prices for individal deals?.

As there was no readily available, organized data source, we constructed the main data

1. Some companies including Corelogic and Blackbox Logic collect and sell information and analytic tools
to market participants

2. Now the Financial Regulatory Authority (FINRA) provides some summary statistics on prices and
volume of daily transactions.
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ourselves. We start from the Mortgage Market Statistical Annual 2013 Edition by Inside
Mortgage Finance3. This publication in Volume II, Table A, Non-Agency MBS Activity,
contains a complete list of the RMBS deals, completed over the years 2006-2012. For each
deal, the name, the original issuer, the original amount and a few other characteristics are
listed. There are a total of 2824 such deals. However, information such as cash flow or
losses is not provided here. For our further data base construction, we obtain data from
Bloomberg.

For each deal listed by the Mortgage Market Statistical Annual 2013 edition, we search
for that deal on Bloomberg. The matching sometimes required a bit of a search, and we
managed to find nearly 96 percent of the original list, by principal amount. Once we found
the appropriate deal entry, we look for all deals that have similar names going forward
and going back in time. Bloomberg lists the deal manager for the original deal. We then
also search for all mortgage backed securities from this deal manager from 1987 onwards.
Proceeding in that manner, we find a total of 8615 deals, going back to 1987 rather than
just 2006, as in the Statistical Annual. In this way we hope to have minimized the number
of deals that we may be leaving out. The technical appendix contains a detailed step by
step description of how we built our data. Each deal generates approximately 17 separate
securities or bonds on average, usually with different ratings, for a total of 143232 securities,
each of which we seek to track. Their total prinicipal amount is 5842 billion $. Further
details are in table 3.1. Table 3.2 provides an overview of the data we obtained for each

security..

3. Information about this source can be found here http://www.insidemortgagefinance.com/books/
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In this manner, we obtain as complete a universe of RMBS securities emerging from
these deals, as seems possible, as well as information about their ratings and monthly cash
flow and losses, We downloaded the various pieces of information, security by security, and
assembled it into a spread sheet, readable by MATLAB for further analysis. The process
took several month to complete, largely due to the download restrictions of Bloomberg. In
order to understand our data base construction further, appendix 7?7 provides a sample of
the information available from the Statistical Annual as well as from Bloomberg, how to read
the available information and details on how we constructed our data base. A replication
kit, including a more detailed description describing the construction, is available from the
authors for those that seek to replicate our analysis.

Table 3.3 compares the deals in our final database with those in the Statistical Annual.
Panel A provides evidence that our database contains about 94% of the deals and about 96%
of the issued amount across different types of securities over the 2006-2012 period, which is
the available period in the 2013 edition of the Statistical Annual. The fraction covered by
our data is about the same across different market segments. Panel B shows the coverage
by market segment over time to show that not only the coverage is high overall, but also
that it is high consistently over time. The high matching rate for this time period, and the
procedure that we followed to search for securities, give us confidence that our conclusions
will not follow from having a selected sample.

We complemented this main data set with data on RMBS price indices as well as house

prices. For RMBS prices we obtain the ABX.HE indexes from Markit? , which are built to

4. Information about these indexes and how to purchase the data is available here https://wuw.markit.
com/Product/ABX
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represent CDS transactions on Subprime RMBS issued in 2006 and 2007 for different credit
rating levels. Finally, we use publicly available house price data at the state level from Zillow

to build some of our control variables.”

3.3.1 Database description

Our constructed database contains information for more than 143 thousand RMBS, which
were issued between 1987 and 2013 and are part of about 8,500 securitization deals. Table
3.1 shows the issuance activity over time. The table shows the boom in activity in terms
of deals, bonds, market participants (issuers), and deal size from the early 2000s through
2007, and the corresponding collapse after 2008. Most of the deals after 2008 correspond to
resecuritizations.

About 99% of the securities in our data, which represent 97% of the dollar principal
amount, are private-label (non-agency), non-government backed,% non-CDO securities. We
will limit our analysis to these securities throughout the paper.

The collected information can be grouped into groups The first group is the cash flow time
series information. This constitutes the bulk of our data. Given downloading limits imposed
by Bloomberg, we had to spend several months downloading this information chunk by
chunk. For each security we observe the interest payments, principal payments, outstanding
balance, the coupon rate and the losses each month after issuance. The second group of

variables allows to identify the security and describe some of its characteristics. These

5. This data can be downloaded at http://www.zillow.com/research/data/

6. The government backed securities include agency securities and also non-agency securities whose underlying mortgages
are backed by the Federal Housing Administration (FHA) and the U.S department of Veterans Affairs (VA)
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include the Cusip ID, deal names, deal managers names, dates of issuance, coupon type and
frequency, maturity date, type of tranche, notional amounts, as well as the credit rating
assigned by up to 5 different credit rating agencies upon issuance. A third group of variables
is related to the collateral of the securities, i.e. the underlying mortgages. These include
information on the composition of the mortgages by type of rates (adjustable rates vs fixed
rate mortgages), by type of occupancy (vacation home, family home, etc), by purpose of the
mortgage (equity take out, refinance, purchase), or by geography (at the state level). This
group of variables also includes information commonly used to assess the risk of pools of
mortgages. We observe moments of the distribution of the credit scores, loan size, and loan
to value ratios across the mortgage loans underlying a deal. A final group of variables include
variables that can help us classify securities (for example agency vs non-agency, residential
vs non-residential MBS) and commonly used metrics in mortgages backed security analysis
such as weighted average maturity (WAM), weighted average coupon (WAC), and weighted
average life (WAL). In the on-line appendix we list and describe all the variables in the raw

data.

3.3.2  Classifying Securities into Market Segments

The most common classification used in the market and one that has determined the nar-
ratives of the crisis yields three main categories of MBS: Sub-prime, Alt-A, and Prime (or

jumbo)7. This classification is available from the Mortgage Market Statistical Annual and

7. There are other classifications that we largely ignore. As one example, there is the Scratch & Dent
category. These are loans of borrowers with the lowest FICO scores, which sometimes could have been
originated outside the underwriting guidelines. These will generally fall under the sub-prime category
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it is based on the classification of the bulk of the underlying loans into the same three
categories.

Prime non-agency mortgages are jumbo loans that are not qualified for agency guarantees
because of their size. Alt-A or Alternative A are loans in the middle of the credit spectrum,
missing documentation and other characteristics. Subprime loans are loans further down the
credit spectrum. The main characteristic that determines the classification of a loan is the
FICO score, but a full description involves the loan-to-value ratio(LTV), loan size, and the
documentation supporting the loan. An RMBS predominantly backed by subprime loans
will be a Subprime RMBS.

Figure 3.1 compares that classification for deals issued after 2005 to the mean FICO
scores, loan sizes and LTVs available from Bloomberg. Clearly the FICO score is key dis-
tinguishing characteristic, but it is not the only one. Figure 3.15 in the appendix further

supports this claim.®

3.4 Analysis

We group our analysis and results into several segments. Subsection 3.4.1 examines the
ratings, in particular their relationship and their predictive value for future losses. Subsec-
tion 3.4.2 examines the depth, probability and distribution of losses. In subsection 3.4.3 we
explore errors in rating from an ex post perspective, and the degree of rating reversals, where

securities with higher ratings experienced larger losses than those with lower ones. Subsec-

8. Similar pictures for loan size and LTV can be found in the technical appendix. They show that LTV
and size do not provide a clear cut classification
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tion 7?7 examines whether later RMBS have become more risky. Subsection 3.4.4 examines
the resulting annualized returns on an investment at par value, under a range of assumptions
on the terminal value. We revisit these return calculations, when examining investment at
2008 market value, in section 3.4.5, shedding light on the question of underpricing and fire

sales during that time.

3.4.1 Ratings

Credit ratings are meant to provide guidance about the credit risk of a security. One of our
goals is to assess the degree to which credit ratings were appropriate. It is useful then to
take a look at what credit ratings agencies say about their ratings of RMBS. Even though
different credit rating agencies present their criteria and definitions in different ways, the
following four elements that come directly from agencies’ documents are useful to guide and
understand our analysis in section 3.4.2. First, the ratings in structured finance vehicles are
long-term ratings: “Long-term ratings are assigned to issuers or obligations with an original
maturity of one year or more and reflect both on the likelihood of a default on contractually
promised payments and the expected financial loss suffered in the event of default” (Moodys,
Rating Symbols and Deﬁnitz’ons9). Second, comparability of ratings across asset classes or

issuers is not straightforward. Credit rating agencies (at least after the crisis) strive for but

9. The document can be  downloaded at  https://www.moodys.com/sites/products/
)AboutMoodysRatingsAttachments/MoodysRatingSymbolsandDefinitions.pdf
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do not guarantee comparability. 1011 Credit rating agencies have introduced additional tools
such as stress scenarios to promote comparability of ratings across sectors, geographies, and
over time. However, some of these tools were not in place before the 2008 crisis.

Third, the ratings are given to reflect expected losses. According to Moody’s their struc-
tured finance ratings “reflect both the likelihood of a default and the expected loss suffered
in the event of default. Ratings are assigned based on a rating committee’s assessment of
a security’s expected loss rate (default probability multiplied by expected loss severity).”u.
Fourth, the ratings are meant to provide a relative measure of the credit risk and not an
absolute one: “Standard & Poor’s credit ratings are designed primarily to provide rela-
tive rankings among issuers and obligations of overall creditworthiness; the ratings are not
measures of absolute default probability”.13

Table 3.4 describes the credit rating activity in our database based on the assignment
of a rating upon issuance. Besides the fact that a large fraction of our securities are rated,

two other elements are worth noting. First, Moody’s and Standard &Poor’s have bigger

market shares than Moody’s. Apparently, investors in CDOs had a preference for CDOs

10. The following quote from Moody’s in Rating Symbols and Definitions illustrates the point “Moodys
differentiates structured finance ratings from fundamental ratings (i.e., ratings on nonfinancial corporate,
financial institution, and public sector entities) on the global long-term scale by adding (sf ) to all struc-
tured finance ratings. The addition of (sf ) to structured finance ratings should eliminate any presumption
that such ratings and fundamental ratings at the same letter grade level will behave the same. The (sf )
indicator for structured finance security ratings indicates that otherwise similarly rated structured finance
and fundamental securities may have different risk characteristics. Through its current methodologies, how-
ever, Moody’s aspires to achieve broad expected equivalence in structured finance and fundamental rating
performance when measured over a long period of time”.

11. From Standard & Poor’s article General Criteria: Understanding Standard & Poor’s Rating Definitions,
“Our rating symbols are intended to connote the same general level of creditworthiness for issuers and bonds
in different sectors and at different times”. This is available at https://www.standardandpoors.com/en_
US/web/guest/article/-/view/sourceld/5435305

12. From Moody’s document Rating Symbols and Definitions
13. From Standard & Poor’s article General Criteria: Understanding Standard € Poor’s Rating Definitions
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rated by the first two firms. At the time of rating a CDO transaction, these two firms
would take a conservative approach (assign a lower rating to those bonds rated by a third-
party) if the CDO had purchased or used as reference RMBS bonds not rated by them.
This opens the possibility that there are differences in the performance of bonds rated by
different agencies via some investor-driven selection process. In our econometric analysis we
will include controls for which credit rating agency rated the security whenever is required.
Second, more than 62% of the securities (which represent 85% by value of principal) had at
least 2 ratings.

In our analysis below we will present results by one summary credit rating, as follows.
We abstract from the rating qualifiers “-” and “4”. So for example a BBB+ for us is a
BBB and an A- is an A. This should not be too problematic since an A- should be closer
to an A than to a BBB. Whenever a security has 2 or more ratings from different agencies
we average the rating. For instance, if agency 1 rates it as AAA, and rating agency 2 as
AA, and rating agency 3 as AAA, the bond will be AAA.M For the case of two agencies,
one rating a bond as AAA and one as AA, we solved the tie upwards, so the bond would be
AAA. These discrepancies are not common in the data.

We can now document our first fact: The great majority of non-agency RMBS
securities were assigned a AAA rating upon issuance. Almost 87% of the principal
amounts and 57% of the bonds had the highest rating. Most of the other rated securities were

investment grade securities (BBB or higher); only about 9% of the bonds, which represent a

14. This clearly requires a mapping of the different ratings across agencies. We used the mapping pro-
vided by the Bank of International Settlements, which is available here http://www.bis.org/bcbs/qis/
gisrating.htm
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little bit more than 1% by principal value had non-investment grade ratings upon issuance.
Table 3.5 presents the numbers in detail. Moreover, the breakdown by credit rating agency

is essentially the same (see the last three columns of Table 3.5).

3.4.2 Losses

In this section we analyze the losses incurred by non-agency RMBS. A loss occurs, when
a scheduled payment is not made or when there is a complete default on the remaining
principal and stream of payments. We observe the time series of the losses suffered month
by month by each of the securities in our data. This allows us to calculate the cumulative
losses at different points in time and study the differences across ratings, vintages, and market
segments. In the main text, we present our results, where we weight our computations by
the original principal amount of the RMBS. The technical appendix complements this with
unweighted results.

Panel A of Figure 3.2 plots the cumulative losses as a fraction of original principal
(weighted by this value) as of December 2013 for all RMBS in our database. Figure 3.3
provides the same plot for AAA securities alone, broken down by their three categories,
prime, Alt-A and subprime. These figures together with table 3.6 document our second
fact: AAA securities did ok: on average, their total cumulated losses up to 2013
are under six percent. They furthermore document our third fact: the subprime
AAA-rated RMBS did particularly well..

This fact requires some discussion. The fact that AAA securities had lower losses than

the other securities does not make them a AAA security. It is possible that the loss rate
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does not correspond to what a AAA security should exhibit. Here we find difficulties with
some of what rating agencies say about their ratings. First, they are meant to provide a
relative ranking, they are not to be associated with specific probability of default levels, and
the ratings for structured finance securities may capture different credit risk than ratings
for other securities. Moreover, almost mechanically, an average AAA security will exhibit
lower losses than a lower-rated security since the AAA tranches are the last to face losses in
the capital structure. Therefore, a pure relative comparison through a ranking will not be
enough to say that a AAA security actually behaved as such. We therefore, think that the
second fact must involve a comparison with other AAA securities, and a relative comparison
across RMBS with different ratings that should be not only in terms of ranking, but also in
terms of level differences in their loss rates. In terms of the relative comparison, the figure
shows that the long-run loss rates of AAA-rated RMBS as of December 2013 were several
orders of magnitude lower than those of other investment-grade RMBS.

These cumulative losses of 2.3% of principal may considered large for securities with a
AAA rating. Indeed, judging by a tablel® provided by Moody in 2001 of ideal expected losses
by credit rating over time, losses of this size should be expected for BBB securities and not
for securities rates AAA. Put differently, losses of this size should be unlikely for AAA rated
securities. Then again, the financial crisis of 2008 should be considered an unlikely disaster.
Compared to the magnitude of this crisis, we consider the cumulated losses of 2.3% over

the six years 2008 to 2013 (both included) as quite modest indeed. Figure 3.4 shows the

15. The table can be found in a document available at http://siteresources.worldbank.
org/EXTECAREGTOPPRVSECDEV/Resources/570954-1211578683837/Bielecki_Moodys_Rating_ SME_
transactions.pdf
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distribution of the corresponding total cumulated losses on all non-agency RMBS securities.
The total for AAA-rated securities is around 100 billion US § over the course of six years, due
to the large underlying principal. While not negligible, it would be a challenge to blame the
magnitude of the financial crisis on these losses, as often seems to be done in the standard
narratives. Even taking into account the total losses of 323 billion US $ over the course of
six years seem to us a magnitude that would need to take considerable amplification and
addition by other factors to bring down the entire financial system.

We can break down the analysis by market segment defined by loan type (Prime, Alt-
A, and Subprime). Panel A of Figure 3.2, figure 3.3, table 3.6 or the additional vintage-
level detail provided by table 3.7 document the third fact: the subprime AAA-rated
RMBS did particularly well. AAA-rated Subprime Mortgage Backed Securities were the
safest securities among the non-agency RMBS market. As of December 2013 the principal-
weighted loss rates AAA-rated subprime securities were on average 0.42% We consider this
to be a surprising fact given the usual narrative for the causes of the financial crisis and
its assignment of the considerable blame to the subprime market and its mortgage-backed
securities. An example of this narrative is provided by Gelman and Loken (2014)16: “We
have in mind an analogy with the notorious AAA-class bonds created during the mid-2000s
that led to the subprime mortgage crisis. Lower-quality mortgages —that is, mortgages with
high probability of default and, thus, high uncertainty—were packaged and transformed into

financial instruments that were (in retrospect, falsely) characterized as low risk”.

16. We have chosen this quote because it is quite representative of the common narrative during the crisis
and useful for our purposes. We have not chosen it as a critique of the article by Gelman and Loken (2014),
whose subject of interest is not the RMBS market per se
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Table 3.7 shows that the bad performance of AAA securities is primarily due to the
Alt-A segment of the market, which in principle was backed by mortgage loans of borrowers
with better credit risk prospects. The fact that Prime and Alt-A RMBS exhibit loss rates
comparable to those of Subprime securities for ratings below AAA, and worse for the highest
rated securities is evidence of the lower screening effort exerted by financial institutions that
found easier to securitized and sell loans of higher-quality borrowers, as documented by Keys
et al. (2009, 2010, 2012). For completeness, appendix figure 3.18 presents the incidence of
losses by market segment, again with a relatively strong performance of AAA-rated subprime
bonds in comparison with similar rated Prime and Alt-A bonds, and with a comparable
(poor) performance for the other ratings.

Figure 3.2 and 3.3 reveal that losses in AAA securities picked up in 2011. This may seem
late, but it is the result of the credit support protection enjoyed by AAA securities. These
losses, however, are to a large degree predictable once delinquencies in the underlying loans
pick up. If delinquencies are large enough to predict that lower tranches will be wiped out,
then one can predict AAA securities facing losses. Since many lower-rated tranches have
faced big losses, we should expect AAA securities to keep accumulating some losses beyond
the final period in our plot. However, as of December 2013, AAA securities taken together
still had $341 billion of cushion coming from lower-rated bonds. Given that all the losses
over the last 6 years do not reach this amount and given the recovery of the US economy,
we do not believe our conclusions are going to change dramatically.

Panel B of figure 3.2 plots the fraction of securities facing losses. By this measure, we do
see a relatively large incidence of losses, even in AAA securities, even though the size of the
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losses is small relative to the principal amount. We can then ask, what does the distribution
of losses look like across securities? Figure 3.5 shows that losses tend to be concentrated in
a few securities; the outcome is almost binary, either the losses as a fraction of principal are
low, or the security gets wiped out. With this, we have documented our fourth fact: the
bulk of the losses were concentrated on a small share of all securities.

Table 3.8 shows the losses as a fraction of principal as of 2013 for the different credit
ratings and for different groups of vintages. Table table 3.7 contains additional detail, bro-
ken down by type. While the average losses on AAA rated securities were fairly modest,
regardless of the type and the vintage, later vintages did worse. Table 3.8 shows that
principal-weighted losses on AAA rated securities issued before 2003 were less than 0.03%
and even were below 0.4% for those issued from 2003 to 2005, but that this went up to a con-
siderable 4.8% on securities issued from 2006 to 2008. Considerably larger rises in loss rates
by vintages occur for lower-rated securities. For example, while A-rated securities issued
before 2003 lost less than 0.6%, dramatic losses of nearly 66% occured for the 2006-2008
vintage. With that we obtain our fifth fact: later vintages did worse than earlier
vintages.

Can we therefore conclude that ratings deteriorated over time and that rating agencies
became more generous? This certainly has been a theme in much of the narrative of the
crisis. The deterioration in performance could also have been due to bad luck, though.
Consider a security issued long before the peak of the house price boom, and compare it
to an otherwise identical security issued just at the peak. The former security is less likely
to be subject to losses, since the 2013 value of the underlying home relative to the original
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purchase price is higher for the former compared to the latter. If one views the arrival of the
house price decline as a random event, unrelated to current level of house prices, one could
argue that the resulting higher losses for the later vintages were just a stroke of bad luck,
and not the result of a more liberal rating. While obviously a very benign interpretation, it
is useful to check, how far the house price movements at the time of issuance can explain the
subsequent loss performance. Similar remarks may apply to other covariates. We therefore

run the cross-sectional regressions

i = a+y+pBX;+¢ (1)

diy = a+y+pBX;+¢ (2)

where [; is the loss as a fraction of principal as of December 2013 for RMBS ¢, dl; is a dummy
that takes the value 1 if the the cumulative losses of RMBS ¢ are strictly greater than zero as
of December 2013, y is a set of vintage or issue-year fixed effects, and X are our covariates.
We also run these cross-sectional regressions with dl; as the dependent variable, where dl; is a
dummy that takes the value 1 if the the cumulative losses of RMBS ¢ are strictly greater than
zero as of December 2013. The covariates are the amount of credit support, credit ratings,
moments of the distribution of the characteristics of the underlying mortgages (LTV, size,
and FICO scores), the purpose of the mortgages (purchase, refinancing, equity takeout), the
type of mortgage as it relates to the interest rate (Fixed-rate vs Adjustable Mortgage Rates),

geography fixed effects!”, and house price appreciation.

17. We use information on the concentration of mortgages backing the pool by state to include geography
controls
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Figure 3.6 presents the results for losses across all securities and by credit rating, where
the regressions are weighted by the original principal amount. The coefficient corresponding
to the 2001 vintage fixed effect is normalized to zero. Figure 3.7 plots the vintage fixed
effects for Prime, Alt-A, and Subprime RMBS overall and by the credit rating assigned upon
issuance. Comparing these results to table 3.8 shows that the inclusion of the covariates does
little to explain the performance deterioration of the later vintages. Judging by these results,
we therefore cautiously endorse the view that rating standards have deteriorated in the run-
up to the crisis. Moreover, these results are consistent with the findings of Adelino et al.
(2015), who argue that middle income borrowers had an increasing relative role in mortgage
delinquencies and defaults in the run-up to the crisis. These results are also consistent with
the idea that securitization contributed to bad lending by reducing incentives of lenders to
carefully screen borrowers, and that lower screening standards happened for relatively high
FICO scores as those loans were easier to securitize as argued by Keys et al. (2010).

It is instructive to investigate the relationship of the house price boom and busts, shown
state-by-state in figure 3.8, and its relationship to the losses of the RMBS. For each security
in our data set, we know the top five states in terms of the locations of the underlying
mortgages, and the fraction of the total principal invested there. We thus run a regression of
losses on these fractions multiplied with a state dummy, as well as possibly a set of covariates.
For the covariates, we chose dummy variables for the credit rates as well as mortgage type
(Prime, Alt-A and Subprime). More precisely, we use that classification of the Statistical
Annual and match it to cut-offs in terms of FICO scores, as indicated in figure3.15. We then
use the FICO scores available from Bloomberg, to classify the securities into Prime, Alt-A
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and Subprime for all other deals, since Bloomberg does not list that categorization.

The regression coefficient on each fraction times state dummy then provides an estimate
of the losses that would have occured, if an RMBS had invested in that state only. This
exercise results in the maps shown in figure 3.9, sorting the loss state dummies again into
quintiles, with and without controls. These figures may best be compared to the bottom
map of figure 3.8. There are similarities, such as a fairly benign region from North Dokata
to Texas, or the darker regions around Nevada.

Table 3.9 estimates that relationship more formally. There, we have calculated a linear
regression of the cumulative loss as a fraction of initial principal on the change in house
prices, both during the run-up phase from 2000-2006 as well as the crash-phase from 2006-
2009. To find the house price change relevant for each RMBS, we have averaged the house
price changes over the five top states in which that security was invested, using the relative
investment shares to calculate these averages. Our preferred specifications are in columns
(3) and (5). There, we find that the increase in house prices decreased losses, but that the
subsequent decrease in house prices increased losses for the security. According to column
(5), say, an additional increase of house prices from 2000 to 2006 decreased losses by 0.18
percent of principal, while an additional decline of house prices from 2006 to 2009 by one
percent increased losses by 0.53 percent. Column (3) provides a rather similar answer. If
only the price increase is included or if state dummies are included, with the weights given
by the investment shares, these effects (rather naturally) disappear.

While we argue that the losses at least on the AAA securities have been modest, they
certainly are larger than what should be expected for a typical AAA-rated security. Accord-

315



ing to a 2001 table by Moody’s concerning the idealized expected losses over a period of 10
years by credit rating, AAA securities should be expected to have losses of 0.0055%, AA in
a range from 0.055% to 0.22%, A is a range from 0.385% to 1%, and BBB in a range from
1.43% to 3.36%. Comparing these numbers to the implied levels from Table 3.8, we see that
only securities issued before 2003 and perhaps also AAA-rated securities issued in 2003-2005
had losses roughly commensurate with these table values.

To summarize, even though AAA-rated RMBS bonds suffered some losses, the losses were
relatively small. To a large degree, RMBS securities rated AAA and issued until 2005 be-
haved like within expectations for AAA securities, even in an environment of extreme stress.
In particular, the much-maligned subprime segment did particularly well. The securitization
and rating process did fail perhaps for non-AAA investment grade bonds: these ratings were,
in retrospect, too high, and in particular so for the 2006-2008 vintage. However, it is the
AAA securities and their role as safe assets for pension funds and other institutions that

have received the bulk of the attention: they also constituted the bulk of the market.

3.4.8 Credit Rating Rankings and Reversals

In this section we explore the credit rating and their rankings, using their ex-post per-
formance in relationship to ex-ante ratings, covariates available at the time of rating and
corresponding expectations. With this, we seek to address two questions. How close to
appropriate were the ratings, in hindsight? And: even if losses turned out to be higher than
expected, did the rating agencies do a good job in ranking securities appropriately?

We present two exercises. In the first exercise, we compare the average realized losses of
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securities to Moody’s expected losses by rating. Moody’s has published a table of “Idealized
Cumulative Expected Loss Rate” which we present as reference in the appendix in Figure
3.19.18 For example, in 10 years a BBB- security would be expected to have a loss rate
of approximately 3.35%. Each of our securities had an initial (ex-ante) credit rating and
therefore an expected loss rate based on Moody’s Table. For each security, we assign an
ex-post rating based on its actual realized loss rate. So, if a given security had a realized loss
rate between the AAA and the AA expected loss rate on Moody’s table (between 0.0055%
and 0.22% in 10 years), the security receives an ex-post rating of AA. Then we compare the
ex-ante rating with the ex-post rating. Figure 3.10 presents the results. The solid line is the
fraction of securities by original rating (ex-ante). The dotted line is the fraction of securities
that would have received a given rating based on their realized loss rates. According to the
figure, on average, AAA ratings were not given in excess, but too many securities were given
investment grade ratings. This figure, however, hides the fact that having on average the
right number of AAA securities does not mean that AAA securities were given the right
rating as many ex-ante AAA could be ex-post AA while many ex-ante AA can be ex-post
AAA. Figure 3.11 addresses the issue by showing the fraction of securities for which ex-ante
and ex-post ratings coincide (labeled as Correct Rating), those for which the ex-post rating
is higher than the ex-ante rating (labeled as Deflated Rating), and those for which the ex-
post rating is lower than the ex-ante rating (labeled as Inflated Rating). While about 75% of

AAA securities received a rating that was in line with the expected losses, AA securities were

18. The  table is  originally  available  here  https://www.moodys.com/sites/products/
productattachments/marvel_user_guidel.pdf or herehttp://siteresources.worldbank.org/
EXTECAREGTOPPRVSECDEV/Resources/570954-1211578683837/Bielecki_Moodys_Rating_SME_
transactions.pdf
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almost entirely wrongly rated, and securities with ratings A and below had a large fraction
of inflated ratings. Figure 3.12 provides a three-dimensional overview of the given ex-ante
rating and the ex-post rating, based on our exercise. Ideally, all the mass would accumulate
along the diagonal. The off-diagonal mass gives a visual impression of “rating gone wrong”.
The story of this picture is fairly clear. Many of the AAA-rated securities deserved their
ratings, though a good portion should have been rated lower, in hindsight. For all the other
securities, we find a bimodal result. The smaller share had no losses at all, justifying a AAA
rating ex post. The larger share had substantial losses, that would have required a rating
below CCC. There hardly is any mass on the diagonal, except for AAA ratings.

In the second exercise, we wish to understand, whether the ratings could have been
improved upon at the time, aside from the overall extent of the losses examined above. We
seek to calculate the extent to which the inclusion of additional covariates X, available at the
time of rating, for a higher-ranked security predicts larger loss probabilities than observed
on average for lower-ranked securities. We call this a ratings reversal.

More precisely, for a € [0, 1] as well as for each rating, say AAA, we first seek to estimate
P(Loss > a | AAA) and P(Loss > a | AAA, X), given the crisis of 2008. For the former,
we estimate this probability with the fraction of AAA-securities, whose losses exceeded a at
the end of 2013. For the latter and for each security ¢ rated AAA and with covariates Xj,

construct the observation

Y, = 1Lossi>a

indicating, whether the losses for security ¢ exceeded o or not. We then estimate a linear
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119, per linear regressing these observations Y; on the covariates X;.

probability mode
Note that we estimate this probability model separately for each a. One could, instead,
formulate a model for losses and infer the probability of losses exceeding any given treshold
a from that model and the observed covariates.
We then seek to estimate the gain from including covariates as well as the probability of

ratings reversals. For each o, we define the gain from including covariates X compared to

the raw difference between securities rated AAA and AA as

i (a) = E[|P(Loss > a|AAA, X) — P(Loss > a | AAA)|] (3)
WMAAAAAQ) = P(Loss > a | AAA) — P(Loss > a | AA)

where the outer expectation is taking an expectation over the random covariates X. We
estimate the numerator by the sample average of P(Loss > a|AAA, X;) — P(Loss > a |
AAA) for all AAA-rated securities ¢ and the probability estimators explained above.

We likewise define Gaingg4 4(a), Gainga a(a), etc.. We define the probability of rating

reversals for AAA-rated securities to AA securities as

Reversalyaa aa(a) = P(P(Loss > a | AAA, X) > P(Loss > a | AA))

where the outer probability is likewise taken as an expectation over the random covariates X .

We estimate Reversal(a) by calculating the fraction of all AAA-rated securities 4, for which

P(Loss > a | AAA, X;) exceeds P(Loss > a | AA), with P(-) denoting the estimator of P(-)

19. A linear probability model was computationally easier than a probit model, while yielding essentially
the same results, when we cross-checked.
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explained above. We likewise construct estimators for Reversalgs4,4(a), Reversalgzg a(a),
etc..

As covariates, we made use of (essentially) all the additional information on these secu-
rities provided by Bloomberg. They are the dollar value of the principal of the security, the
average FICO score, the mean Loan-To-Value ratio, the mean loan size, the original credit
support, the weighted average coupon, the weighted average life, the fraction of loans with
adjustable mortgage rates, the fraction of loans for single family homes, the fraction of loans
for condos, the fraction of loans for first purchases, the fraction of loans for refinancing, a
dummy for floating coupon securities, a dummy for floating rate securities, a set of dummy
variables for the top 5 states represented in the underlying mortgage loans, a set of dummy
variables for the credit rating agencies involved in rating each security.

Panel A of Table 3.10 reports estimates of the gains given by equation 3, for all the pair-
wise comparisons between a given rating and ratings below it for investment grade RMBS.
We see that covariates did carry information that would have been useful to predict losses,
and to assign ratings, particularly for the AA, A, and BBB ratings. For AAA ratings, only for
low values of alpha we see some gains from the covariates. The estimates of rating reversals
is reported in panel B of Table 3.10. It turns out that the value of o matters considerably.
If @« = 0, then we find a 40 percent probability of rating reversal. To understand, consider
the probability of the occurrence of any loss, as shown in table 3.11. It turns out that AAA
securities were actually somewhat more likely to incur losses than AA securities: the overall
fractions are 28 percent versus 16 percent. We know already, however, that losses on AAA
securities are typically small, if they occur at all. Figure 3.5 shows that the distribution
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for AAA securities puts more weight on small losses compared to the distribution for other
investment grade securities. Thus, as « is increased to, say, 10%, we find a rating reversal
probability of only 3%.

Given the financial crisis, a treshold of & = 0 may then be too stringent to judge the
appropriateness of the rankings. Overall we judge that the rating agencies got the rankings
about right. This conclusion comes with a number of caveats, of course. First, the con-
struction of the securities often implies mechanically, that lower-ranked securities will be hit
with losses before that happens to higher-ranked securities. The ranking of securities for
any given deal is therefore very unlikely to be incorrect (assuming that rating agencies did
indeed check the loss sequencing): the comparison here is more interesting regarding the
consistency of rankings for securities across deals. Second, all our inference is conditional
on the crisis of 2008: this is the only set of observations we got. We obviously cannot infer
anything here about the appropriateness of the ratings or their rankings across all poten-
tial futures from 2007 on forward. Finally, we have used the realized losses to estimate the
weight on information available a priori, in order to check for rating reversals. Obviously,
the rating agencies did not have that information at hand at the time when they had to give

their assessments.

3.4.4 Returns

One of our goals in this paper is to assess the performance of RMBS as investments. In
this section, we investigate the performance for a buy-and-hold investor, who purchased the

RMBS at par at issuance, and plans to hold them until all payments have matured. Only
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investment-grade securities were sold at par: so we focus on these.
We have calculated these returns in two ways. One is to calculate the internal rate of

return. This is the rate r that solves net present value equation

T
it + pt TVrp

PO:Z T T (4)
(1) (147

where P is the initial value of the security, i; is the monthly cash flow corresponding to
interest payments, p; is the monthly cash flow corresponding to principal paydown, and 7'V
is the terminal value at some date T'. The other approach and our preferred approach is to
calculate the discount margin # over a benchmark interest rate r¢. The discount margin can
be interpreted as the average return above the benchmark. For the benchmark, we are using

the 3-month Treasury Bill. The discount margin is the value for # that solves

T .
Py=% — +.pt it T‘./T T ()
t=1 (1 + rfbill 0) (1 il 0)
We will present results mainly for the latter: results for the internal rate of return provide
rather similar insights. Note that we do not take into account risk prices or term premia in
either calculation.
We set T' to be December 2013, given our data set. We observe the payments i; as well
as p¢, but we do need to make assumptions regarding the terminal value T'Vp. The natural
candidate for the terminal value is the outstanding principal balance at time 7', which is

part of the monthly information that we have for each security. To that end, it is important
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to understand how past losses affect the outstanding principal value in the data. In a typical
prospectus for an RMBS one can find the explanation: realized losses are applied to reduce
the principal amount and “if a loss has been allocated to reduce the principal amount of your
class of certificates, you will receive no payment in respect of that reduction.” From this we
conclude that the principal balance recorded in the data at date T already incorporates losses
on principal that have occured previously rather than leaving them on the book. However it
is possible that there needs to be some additional discounting of the outstanding principal
value, because additional losses may be expected in the future. We therefore examine six
different scenarios regarding the terminal value. The first three assume that all securities
are valued at 80%, 90% and 100% of the principal outstanding as of December 2013.

For the forth scenario, we assume that each security trades at a loss equal to the loss
rate it has suffered up to that point. For the fifth, we assume that each security trades at
a loss equal to the mean loss rate of the securities with the same original credit rating and
same vintage. The sixth is similar to the fifth, except for using the median loss rate rather
than the mean.

To provide a perspective for the first three scenarios, we consulted information provided
by FINRA for the month of December 2013, see figure 3.14. In 2009, the Financial Industry
Regulatory Authority (FINRA) made a proposal to collect data for ABS, CDO, and MBS
securities.?’ Now daily reports going back to May 2011 with the number of transactions,

trade volume, and statistics on transaction prices are publicly available.2l. From these

20. https://wuw.finra.org/newsroom/2009/finra-proposes-expanding-trace-reporting-asset-backed-securiti

21. Reports are available and can be downloaded at http://tps.finra.org/idc-index.html
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reports one can see that, as of December 2013, investment-grade securities were mostly
trading with prices above 90, and non-investment grade with prices above 75 and generally
above 80. We therefore consider our range from 80 to 100 percent to be reasonable.

Table 3.12 presents results for the realized internal rate of return calculations, for the first
three scenarios regarding the terminal value. The most important result here may be that
AAA securities provided an internal rate of return of about 2.44% to 3.31%, depending on
the scenario. It mattered quite a bit, whether the mortgages were fixed rate or floating rate.
For fixed rate mortgages, AAA securities returned between 3.6 and 4.8 percent, depending
on the market segment and assumptions regarding the terminal value. For floating rate
mortgages, AAA securities returned between 0.4 and 3.8 percent. Overall, though, these
returns on AAA RMBS strike us as rather reasonable, and unlikely to have thrown the
financial system into the abyss.

Tables 3.13, 3.14, 3.15, and 3.16 present the results of our discount margin computations.
In general we see that under the different assumptions the computed rates of return are very
stable, and change in the expected direction when changing the terminal value assumption
from 80%, to 90% and to 100%, and change in a way that is consistent with the results
and analysis of the losses that we have already presented in section 3.4.2 for the other
assumptions. For AAA securities which on average presented small loss rates the returns
are quite stable across assumptions and also for securities older vintages as they have more
time to produce cash flows and pay down the principal.

The distribution of returns is left skewed, with a very long left tail, as evidenced by the
mean quite far to the left of the median and large standard deviation. This is another version
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of our forth fact, that losses were concentrated on a small share of all securities.

We find that 65% of the AAA securities, under the assumption of a terminal value equal
to 80% of the outstanding balance would yield a return equal or higher than the average
Libor rates over this time period.

In Table 3.15 we break down the return by market segment as defined the mortgage
loan type. These results show about a 2 percentage point realized premium of Prime over
Subprime securities. This may be surprising at first given that we showed that losses in
subprime securities were not particularly worse than in other segments and for AAA were
actually lower. One reason behind this is the fact that the fraction of floating rate bonds
(almost 90%) in the subprime segment was higher than the fraction of floating rate bonds in
the Alt-A (about 62%) and Prime (about 46%) segments. In a period of low interest rates
like the one we consider, floating rate bonds did worse than fixed rate bonds. To show this
and obtain more comparable measures, we break down the computations for AAA bonds by
vintage, by mortgage loan type and also by the type of bond according to the type of rate it
would pay (fix or floating). We present weighted median rates in Table 3.16 along with the
US 3-month Libor rate as benchmark. We see that across vintages and loan types, fixed rate
AAA securities provided returns between 2 and 5 percentage points higher than the Libor.
Floating rate bonds yielded lower returns, always higher than the Libor for Prime securities,
and generally larger than the Libor but smaller than Prime returns for Alt-A and Subprime

(except for vintages 2006 and 2007).
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3.4.5 Prices

While we examined the returns to purchasing RMBS at issuance and holding them to matu-
rity in the previous section, one may also wish to examine the returns when purchasing them
at market prices, in particular at the height of the financial crisis of 2008. While individual
price series for the RMBS do not seem to exist, time series for indices are available. On Jan-
uary 16th 2006, Markit launched a series of asset-backed credit default swap indexes on US
home equity Asset Backed Securities. The indexes are tradable synthetic derivatives, which
reference 20 subprime RMBS deals/bonds. There are four series of indexes, each of which
corresponds to a different vintage of securities: series 06-01 references deals issued between
June 2005 and January 2006, series 06-02 references deals issued between January 2006 and
June 2006, series 07-01 references deals issued between June 2006 and January 2007, and
series 07-02 references deals issued between January 2007 and June 2007. The 20 deals used
in each series are determined at the inception of the index and they never change. These
deals are selected among a list of fifty deals of the 25 largest issuers (2 deals per issuer) and
they must meet the following main criteria: the deal size must be at least $500 million, it
must have tranches with all of 5 ratings (AAA, AA, A, BBB, and BBB-), it must have been
rated by both S&P and Moody’s, each tranche must have a weighted average life of at least
4 years with the AAA having a minimum of 5 years, the weighted average FICO credit score
of the obligors on the assets backing the securities issued in the RMBS transaction must
not exceed 660 as of its issuance date, and each Required Tranche must bear interest at a

floating rate, with the base rate being one month LIBOR.
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Each series corresponds to a set of 6 indexes by credit rating, from AAA to BBB-.
In any transaction involving the index there is a protection buyer and a protection seller.
The protection buyer makes two types of payments to the protection seller. One is a one-
time payment upfront computed as the difference between par value and the index value
multiplied by the notional amount?2 The second type of payment is a coupon or spread,
payable monthly. This coupon is fixed for a given index. For example, for the AAA.06-1
index, the coupon is fixed at 18 basis points per annum, while for the BBB.07-01 is 224 basis
points. The protection buyer receives payments from the protection seller in the event of
interest shortfalls, principal shortfalls, and writedowns. Based on the value (or “price”) of

the index, one can compute excess returns between ¢ and ¢ + 1 as

day_count

e pm’ceﬂ_l.— priceg + spread x
prices 360

One can think of this as an excess return over some risk-free benchmark (for example Libor)

by thinking about the funded transaction: the protection seller faces the risk up to 100% of

the notional, if after entering the transaction he sets aside this amount at risk, he will earn

some benchmark rate like the libor. The running coupon and the index appreciation will
make up the rest of the return.

Figure 3.13 plots the prices of indexes of the different series (vintages) by credit rating.

Only the AAA tranches and the AA tranche of the 2006-01 vintage recover strongly after the

crisis. The corresponding monthly returns computed with the formula above are shown in

22. the notional amount is adjusted by the so-called factor, which refers to the outstanding principal
amount of the underlying bonds.
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Table 3.17. What these numbers as well as figure 3.13 reveal is that substantial returns were
earned by investors purchasing these securities in May 2009 and holding them to December
2013. On the other hand, excess returns were near zero or negative, when the purchase was
made in June 2007. The excess returns on AAA rated securities was substantially negative
for anyone purchasing them in, say, June 2007 and selling them in May 2009, implying losses
of up to 6 percent per month, while for any long term investor, who held out until December
13, we obtain the still modest losses of 0.41 percent on a monthly basis as the worst of the
AAA securities, i.e. the vintage 2007-2. Securities further down in the rating scale performed
considerably worse. These results are generally in line with our findings of the payoff streams

in the other sections.

3.5 Discussion and Conclusion

We have examined the payoff performance, up to the end of 2013, of non-agency residential
mortgage-backed securities (RMBS), issued up to 2008. For our analysis, we have created
a new and detailed data set on the universe of non-agency residential mortgage backed
securities, per carefully assembling source data from Bloomberg and other sources. We have
compared these payoffs to their ex-ante ratings as well as other characteristics. We have
established five facts. First, the bulk of these securities was rated AAA. Second, AAA
securities did ok: on average, their total cumulated losses up to 2013 are under six percent.
Table 3.12 presents more detailed results regarding their returns, depending on the market
segment and assumptions regarding terminal value. The most important result here may be

that AAA securities provided an internal rate of return of about 2.44% to 3.31%, depending
328



on the scenario. The yield on 10-year treasuries in 2008 was between 3 and 4 percent:
the difference is surely smaller than what the standard crisis narrative seems to suggest. It
mattered quite a bit, whether the mortgages were fixed rate or floating rate. Overall, though,
these returns on AAA RMBS strike us as rather reasonable, and unlikely to have thrown
the financial system into the abyss. Third, the subprime AAA-rated RMBS did particularly
well. Forth, the bulk of the losses were concentrated on a small share of all securities. Fifth,
later vintages did worse than earlier vintages. Together, these facts call into question the
conventional narrative, that improper ratings of RMBS were a major factor in the financial

crisis of 2008.

329



3.6 Figures and Tables

Table 3.1: RMBS Database: Deals, Securities, Nominal Amounts by Year of
Issuance

This table reports some figures that describe the size of our database of Residential Mortgage Backed Securities
by year of issuance. All the information comes from Bloomberg.

Year No. Deal Managers No. Deals No. MBS Notional ($ Billion) Average Deal Size ($ Million)

1987 - 1999 35 858 9,462 244.2 284.6
2000 20 227 2,724 93.8 413.2
2001 23 397 5,815 179.9 453.1
2002 30 574 8,255 314.0 547.1
2003 30 788 12,420 475.1 603.0
2004 30 1,106 15,787 723.4 654.1
2005 29 1,361 22,017 1,005.2 738.5
2006 39 1,563 27,184 1,237.4 791.7
2007 35 1,027 19,143 936.1 911.5
2008 20 108 1,541 103.3 956.4
2009 17 151 5,660 170.6 1,129.9
2010 17 135 6,089 155.9 1,154.5
2011 13 101 3,182 68.3 676.5
2012 11 92 1,789 36.5 396.9
2013 13 127 2,164 98.7 776.9

All Years 83 8,615 143,232 5,842.3 678.2
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Table 3.2: Database Variables

Security Identification

Cusip ID

Deal Name

Deal Manager

Issuer Company

Security Classification

Deal Type (eg. CMBS, RMBS)
Collateral Type (eg. Home, Auto, Student)
Collateral Type (eg. ARM vs FRM)
Agency Backed (yes, no)

Agency (eg. Fannie Mae, Freddie Mac)
Dates

Issue Date

Pricing Date

Maturity Date

Security Description

Bond type (e.g. Floater, Pass-through, Interrest Only)
Tranche Subordination Description
Coupon Type (e.g. Fixed, Floating)
Coupon Frequency (e.g. Monthly)
Coupon Index Rate (e.g. 3M-libor)

Credit Rating

Current and Original Ratings (5 agencies)

Other Security Characteristics

Credit Support at Issuance

Original Principal Amount

Collateral Description

Mortgage Purpose (% Equity Takeout, Refinance)
LTV Distribitution (min, max, mean, 25th, 50th,75th)
Credit Score Distribution (min, max, mean, 25th, 50th,75th)
Mortgage Size Distribution (min, max, mean, 25th, 50th,75th)
MBS metrics 1: Weighted Average Coupon

MBS metrics 2: Weighted Average Life

MBS metrics 3: Weighted Average Maturity

Fraction of ARM and FRM

Occupancy (% of Owner, Investment, Vacation)
Geographic Information

Fraction of mortgages in top 5 states

Cash Flow and Losses

Monthly Interest and Prinicipal Payment

Monthly Outstanding balance

Monthly Losses
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Table 3.3: Database Coverage of the universe of Non-Agency RMBS

This table compares our database to the universe of mortgage-backed securities for 2006 to 2012, as listed in the Mortgage
Market Statistical Annual 2013 Edition.

Panel A: Principal Amount and Deals Coverage by Type of Mortgage-backed Security

Prime Alt-A Subprime Other Total
Amount Deals Amount Deals Amount Deals Amount Deals Amount Deals
Unmatched 9.8 15 16.2 30 33.6 52 26.3 90 85.9 187
Matched 406.5 484 596.5 739 656.4 771 304.4 643 1,963.8 2,637
Total 416.3 499 612.7 769 690.0 823 330.7 733 2,049.8 2,824
Pct. Matched 97.7 97.0 97.4 96.1 95.1 93.7 92.0 87.7 95.8 93.4

Panel B: Principal Amount Coverage by Year and Type of Mortgage-backed Security

Type of MBS Year

2006 2007 2008 2009 2010 2011 2012 All Years
All
Principal Amount 1,129.3 697.0 58.6 60.4 63.8 27.6 13.2 2,049.8
Pct. Matched 97.3 93.4 95.2 95.0 97.7 97.3 91.6 95.8
Prime
Principal Amount 218.79 180.4 7.0 9.5 0.5 0.7 3.5 416.3
Pct. Matched 96.9 98.6 94.4 100.0 100.0 100.0 100.0 97.7
Alt-A
Principal Amount 362.79 247.4 1.9 - 0.7 - - 612.7
Pct. Matched 99.1 94.9 72.5 100.0 100.0 100.0 100.0 97.4
Subprime
Value 470.11 213.4 2.4 0.9 - 0.5 2.8 690.0
Principal Amount 96.6 91.8 97.9 100.0 100.0 100.0 100.0 95.1
Other
Value 77.57 55.8 47.4 54.0 62.6 26.4 6.9 330.7
Principal Amount 93.8 76.0 100.0 100 100 100 100 92.0
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Figure 3.1: Distribution of Mean FICO Score, Loan Size, and LTV by Type of
Loan

0.25 T T T T —T T
[ Subprime
0.2 | CTAtA M -
I— T _
> L
© 015 .
)
S
o
® 01f -
L
0.05 _
0 ] 11 1
500 550 600 650 700 750 800 850
Mean FICO Score
. 0.7 . .
[ Subprime 06 | [ Subprime
O ArA 1 ’ CAA
[—JPrime 05 + [ 1Prime
- ]
)
c
)
S
o
o
L

* * 0
1000 2000 3000 0 20 40 60 80 100
Mean Mortgage Loan Size Mean LTV

The types of mortgages in the figure are Prime, Alt-A and Subprime. As there is no flag in our data that
allows us to classify securities by type of mortgages, we rely on the classification provided in the Mortgage
Market Statistical Annual 2018 Edition. Since we only have information in the Statistical Annual for the
period 2006-2012, only securities issued in those years are included.
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Table 3.4: Credit Rating Activity of Non-Agency Residential Mortgage Backed

Securities: 1987-2013

This table presents some figures about the credit rating activity in the RMBS market between 1987 and

2013.

MBS Bonds Principal Amount
Rating Activity No. Pct. ($ Billion) Pct.
Rated by at least one agency 115,282 81.4 5,214.1  92.0
Rated by 2 or more agencies 87,937 62.1 4,812.3  84.9
Rated by all 3 big agencies 16,324 11.5 1,085.0 19.1
Rated by all agencies 0 0.0 0 0.0
Rated by Standard & Poors 90,006 63.6 4,518.0  79.7
Rated by Moody’s 67,036 47.3 3,931.5  69.4
Rated by Fitch 58,692 41.4 2,530.6  44.6
Rated by Kroll (KBRA) 207 0.1 197 0.3
Rated by DBRS 7,179 5.1 366.6 6.5
Not Rated 26,348 18.6 453.8 8.0
All Bonds 141,630 100.0 5,667.9  100.0

Table 3.5: Non-Agency Residential Mortgage Backed Securities: Credit Rating

Composition 1987-2013

This table shows the number of bonds and their corresponding principal amounts by credit rating. The credit
rating corresponds to the rating assigned to a bond upon issuance. If several ratings were given, we have

taken an average.

MBS Bonds Principal Amount Principal Amount By Agency

Rating No. Pct. ($ Billion) Pct. S&P  Moody’s Fitch
AAA 65,590.0 56.8 4,535.1  86.9 88.9 89.8 89.8
AA 13,298.0 11.5 297.0 5.7 4.8 5.4 4.1
A 13,355.0 11.6 2123 4.1 2.9 2.5 3.7
BBB 13,062.0 11.3 1184 23 1.9 1.8 1.8
BB 6,096.0 5.3 40.1 0.8 0.6 0.4 0.4
B 3,865.0 3.3 136 0.3 0.4 0.0 0.1
CCC 66.0 0.1 0.3 0.0 0.2 0.0 0.0
CC 22.0 0.0 0.6 0.0 0.2 0.0 0.0
C 51.0 0.0 3.3 0.1 0.1 0.0 0.0
Rated 115,405.0 81.2 5,220.5 91.7 4,523.4  3,931.5 2,531.4
Not Rated 26,774.0 18.8 472.1 8.3
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Table 3.6: RMBS Losses Six Years After The Beginning of the Financial Crisis

This table shows the number of securities with losses and the dollar size of the losses in December 20183,
about six years after the beginning of the Subprime crisis in mid-2007.

Panel A: Losses by Credit Rating as of December 2013

Number of Securities Dollar Amount
Total W/ Losses Pct. Losses Total W/ Losses Pct. Losses
All RMBS 93,902 43,264 46.1 4,965.6 323.3 6.5
AAA 49,188 14,511 29.5 4,402.4 101.1 2.3
AA 12,087 6,425 53.2 263.6 89.6 34.0
A 11,144 6,752 60.6 144.9 56.3 38.8
BBB 12,015 8,309 69.2 101.6 48.0 47.3
NIG 9,468 7,267 76.8 53.1 28.3 53.2

Panel B: Losses by Mortgage Type and Credit Rating as of December 2013

Number of Securities Dollar Amount
Total W/ Losses Pct. Losses Total W/ Losses Pct. Losses

All Securities

Prime 25,476. 11,987 47.1 1,238.7 37.5 3.0
Alt-A 27,135 17,763 65.5 1,327.3 145.2 10.9
Subprime 18,705 9,172 49.0 1,196.0 119.1 10.0
AAA Rated Securities

Prime 15,610 5,418 34.7 1,172.7 14.8 1.3
Alt-A 14,851 7,646 51.5 1,210.0 78.9 6.5
Subprime 6,509 560 8.6 979.5 4.3 0.4
Investment Grade Fx-AAA Securities

Prime 6,436 3,827 115.8 54.0 18.4 34.0
Alt-A 9,610 7,769 80.8 96.5 55.3 57.3
Subprime 10,893 7,456 68.4 203.9 104.8 51.4
Non-Investment Grade Securities

Prime 3,430 2,742 79.9 12.0 4.3 36.2
Alt-A 2,674 2,348 87.8 20.8 10.9 52.7
Subprime 1,303 1,156 88.7 12.7 10.0 78.7
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Figure 3.2: Losses and Unweighted Probability of Loss in RMBS Over Time
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This figure shows the losses as a fraction of principal and the probability of losses incurred by the Residential
Mortgage Backed securities in our database during the period 2000-20183.
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Figure 3.3: Losses Over Time by Type of Mortgage for AAA-Rated RMBS

0.07 T T T T T T
————— Prime
---------- AltA
Subprime R
0.06 [ All AAA e
0.05 | B
© 004 .
IS g
14
[]
[%2] s
-4
— 003 35.3% .
0.02
0.01
o L . . e S == - 31.8%
2000 2002 2004 2006 2008 2010 2012 2014

Time

This figure plots the losses as a fraction of principal weighted by principal amount for the AAA-rated Resi-
dential Mortgage Backed Securities in our database during the period 2000-2013 by type of mortgage loan.
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Figure 3.4: Dollar Amount of Losses in Non-Agency RMBS
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This figure shows the cumulative Dollar amount of losses in RMBS up to December 2013 in billions of dollar.
The category Investment Grade Ex-AAA includes AA, A, and BBB rated securities. The Non-Investment
Grade Category includes all bonds rated BB and below
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Figure 3.5: Distribution of Loss Size for All RMBS

Panel A: All RMBS Panel B: By Credit Rating
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Panel A presents the distribution of cumulative losses as of December 2013 as a fraction of the original
principal amount for all the RMBS in our database issued from 1987 through 2008. Panel B shows the
distribution of cumulative losses as of December 2013 as a fraction of the original principal amount for
different groups of RMBS based on the type of the underlying mortgage loans.
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Table 3.8: Principal-Weighted Losses in RMBS and Credit Ratings

This table shows regressions of the cumulative loss as fraction of initial principal as of December 2013 on
credit rating dummy variables. The regressions are weighted by the principal dollar amount upon issuance of
each RMBS.

Credit Rating Full Sample Before 2003 2003 - 2005 2006-2008
AAA 0.0218%** 0.0002 0.0034%** 0.0483*+*
(0.0006) (0.0001) (0.0007) (0.0011)
AA 0.3096*** 0.001 0.1180*** 0.50971***
(0.0025) (0.0008) (0.0028) (0.0043)
A 0.3620*** 0.0055*** 0.2000*** 0.6572%***
(0.0033) (0.0008) (0.0036) (0.0062)
BBB 0.4480*** 0.0334%*** 0.3152%** 0.6655***
(0.0040) (0.0013) (0.0041) (0.0072)
BB 0.4923*** 0.0653*** 0.4886*** 0.5136***
(0.0064) (0.0029) (0.0075) (0.0102)
B 0.5812%*** 0.0938*** 0.6989*** 0.5619%***
(0.0117) (0.0042) (0.0147) (0.0182)
CcCC 0.7360*** 0.4125*** 0.4102%*** 0.9465***
(0.0867) (0.0558) (0.0987) (0.1361)
CC 0.2036*** 0.1364 0.0251 0.2005***
(0.0562) (0.0964) (0.1228) (0.0719)
C or Below 0.3863*** 0.0661*** 0.6607*** 0.3604***
(0.0225) (0.0227) (0.1665) (0.0274)
Observations 93,902 19,230 38,381 36,291
R-squared 0.3217 0.0852 0.2972 0.485

Standard errors in parentheses
xp < 0.10, % x p < 0.05, % * xp < 0.01
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Figure 3.6: Vintage Fixed Effects on Weighted Losses
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This figure plots the coefficient estimates corresponding to issue year (vintage) dummy variables in linear
regressions that have as left hand side variable the cumulative losses as of December 2013 as a fraction of
principal and on the right hand side have all the covariates available in our database as controls. The lines
are the mean plus/minus one standard error.

342



Figure 3.7: Vintage Fixed Effects on Weighted Losses by Type of Mortgage Loan
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This figure plots the coefficient estimates corresponding to issue year (vintage) dummy variables in linear
regressions that have as left hand side variable the cumulative losses as of December 2013 as a fraction of
principal and on the right hand side have all the covariates available in our database as controls.
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Figure 3.8: State-Level House Price Boom and Bust From 2000-Q1 to 2009-Q2
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This map highlights the differences in house price increases between the first quarter of 2000 and the fourth
quarter of 2006 and house price decreases between the fourth quarter of 2006 and the fourth quarter of
2009 across states. The house price data comes from the Federal Housing Agency and corresponds to the
State-Level All-transaction indexes available here http: //www. fhfa. gov/DataTools/Downloads/Pages/
House-Price-Indez-Datasets. aspz\ #qexe. States are grouped in quintiles according to the house price
change the experienced in each period. FEach color on the map represents a quintile, with darkest colors
representing bigger absolute changes (red for the period of price increases and blue for the period of price

decreases).
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Figure 3.9: State-Level Dummies on Loss Rates: with and without controls
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The map is colored according to the regression of loss rates on the state dummy variables, with or without the
inclusion of additional controls. The regression coefficients are sorted into quintiles to deliver the coloring
scheme, with darker colors representing larger losses.
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Figure 3.13: Subprime RMBS Price Indexes
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This figure plots the prices of ABX.HE indezes by Markit. Fach line represents a vintage of subprime RMBS
and the Index. Fach panel shows the evolution of prices over time by credit rating. These indexes are
constructed based on 20 deals.
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Figure 3.10

: Ex-Ante vs Ex-Post Ideal Ratings
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In this figure, for each security, we compare the original credit rating (which we call here Ex-
Ante Rating) to the rating that ex-post we would have assigned given the security’s realized

loss wusing Moody’s idealized FExpected Loss Table by Rating.

This table is available here http:

// siteresources. worldbank. org/ EXTECAREGTOPPRVSECDEV/ Resources/ 570954-1211578683837/

Bielecki_ Moodys_ Rating_ SME_ transactions. pdf. The solid line shows the fraction of securities that
was assigned each rating level. The dotted line shows the fraction of securities that should have gotten each
rating level based on their loss as a fraction of original principal. We do this for all securities issued up to

2008.
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Figure 3.11: ”Right” and ”Wrong” Ratings Based on Moody’s Ideal Ratings
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This figure compares the original rating of each security to the rating we would have assigned ex-post based

on Moody’s idealized Ezxpected Loss Table by Rating.
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Figure 3.12: “Misratings” Ratings Based on Moody’s Ideal Ratings
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This figure classifies each security in a bin defined in two dimensions. One dimension is the ex-ante credit
rating as determined by the original credit rating. The second dimension is the ex-post rating determined by
Moody’s table for idealized expected losses. If all securities had behaved as expected, all the mass would be
represented in bars on the diagonal running southwest-northeast in the plot. The height of the bar represents
the number of securities.
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Figure 3.14: Summary Statistics of Prices Collected by FINRA
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This figure shows summary statistics of daily transaction prices collected by the Financial Industry Regulatory
Authority from May 2011 through May 2016 on Non-Agency MBS. The plots at the top break up the statistics
by Investment Grade and Non-Investment Grade, while the plots at the bottom break up the statistics by groups
of vintages only for Investment Grade securities. FINRA produces this information daily since 2011. The
lines in the different figures correspond to 22-day moving averages (daily monthly averages) of the daily values
reported by FINRA. Here we report the principal weighted average and the 25th and 75th percentiles of the
average transaction price. The daily reports are available here http: // tps. finra. org/idc-index. html
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Table 3.9: House Prices and Loss Rates

This table presents linear regressions to study the relation between the the cumulative loss as fraction of

initial principal as of December 2013 and changes in house prices.

(1) (2) 3) (4) (5) (6) (7) (8)
AH P 2000-2006 0.073%%* -0.218%** -0.178***  .0.021
0.003 0.010 0.012 0.027
AH P 2006-2009 -0.203***  -0.63%** -0.532%**% - ().342%**
0.006 0.021 0.020 0.061
Price Reversal -0.238%**
0.007
AA 0.426%F%  (0.423%FF  (0.423%FF  (.427FF*
0.003 0.003 0.003 0.003
A 0.493%F*  0.488***  (0.489***  (0.492%**
0.004 0.004 0.004 0.004
BBB 0.555%*% (.55 HF*F  (.55FHKE (. 555%FF
0.005 0.005 0.005 0.005
BB 0.5%** (0.492%**  (0.494%**  (.502%**
0.007 0.007 0.007 0.007
B 0.599***  0.594***  (0.504***  0.606***
0.013 0.012 0.013 0.013
CcCC 0.749%F%F  0.74%**  (.739%0F (. 747HF*
0.087 0.086 0.086 0.088
CC 0.496***  0.493***  (0.482%**  (.512%**
0.089 0.087 0.088 0.089
C or Below 0.324%F%  (0.305%4F  0.307F6F  (.348%F*
0.023 0.022 0.022 0.023
Subprime 0.009%F*  -0.003*  -0.004**  0.008%**
0.002 0.002 0.002 0.002
Alt-A 0.049%F*  0.032%F*%  (0.033%*F*  0.06***
0.002 0.002 0.002 0.002
Contstant 0.011%%*  -0.001 0.019%*¥*  -0.121%%F  -0.038%**  0.059*%*%* -0.026%** (0.004***
0.002 0.002 0.002 0.006 0.005 0.007 0.004 0.001
State Dummies No No No No No Yes Yes No
Weighted Dummies No No No No No Yes Yes No
Observations 93,902 93,902 93,902 93,902 71,316 71,316 71,316 71,316
R-squared 0.0059 0.0107 0.0156 0.0128 0.4345 0.4513 0.4492 0.4272
Weighted Regression Yes Yes Yes Yes Yes Yes Yes Yes

Standard errors in parentheses

*p < 0.10, % x p < 0.05, % * xp < 0.01
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Table 3.10: Credit Rating Reversals

Panel A presents the calculation of equation (3).

Panel A: Gains from Including Other Covariates

a=0 a=0.05 a=0.1 a=0.25 a=0.5 a=0.75 a=0.9
Principal Value Weighted
AAA vs AA 1.65 0.47 0.24 0.12 0.08 0.04 0.03
AAA vs A 2.26 0.58 0.28 0.14 0.08 0.04 0.03
AAA vs BBB 0.82 0.32 0.17 0.09 0.06 0.03 0.02
AA vs A -8.52 -6.76 -6.69 -11.29 -20.50 -59.50 -699.95
AA vs BBB 2.27 2.54 2.77 2.59 2.79 2.62 2.54
A vs BBB 1.90 1.94 2.07 2.32 2.82 3.02 3.11

Panel B: Credit Rating Reversals
a=0 a=0.05 a=0.1 a=0.25 a=0.5 a=0.75 a=0.9

Principal Value Weighted
AAA switched to AA 49.9 13.9 1.0 0.3 0.3 0.0 0.0
AAA switched to A 54.5 21.4 2.3 0.3 0.3 0.0 0.0
AAA switched to BBB 31.2 2.8 0.4 0.3 0.2 0.0 0.0
AA switched to A 75.4 73.2 72.8 1.7 69.0 67.4 66.1
AA switched to BBB 63.8 63.1 63.1 62.8 60.9 59.2 57.8
A switched to BBB 67.4 67.7 67.9 68.1 68.5 67.3 65.4
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Table 3.11: Principal-Weighted Probability of Loss in RMBS and Credit Ratings

This table presents linear regressions to study the relation between the probability of incurring losses and
credit ratings.

Credit Rating Full Sample Before 2003 2003 - 2005 2006-2008
AAA 0.2747*%* 0.0639*** 0.1667*** 0.4636***
(0.0016) (0.0019) (0.0021) (0.0028)
AA 0.1603*** 0.0207* 0.1010%*** 0.1667***
(0.0066) (0.0107) (0.0088) (0.0106)
A 0.2073%** 0.0178 0.1472%** 0.3351 7%+
(0.0087) (0.0111) (0.0114) (0.0155)
BBB 0.3177*** 0.1690*** 0.3168%** 0.3136***
(0.0104) (0.0170) (0.0131) (0.0179)
BB 0.5943*** 0.2203*** 0.6514*** 0.4819%***
(0.0169) (0.0389) (0.0238) (0.0253)
B 0.5885%+* 0.2264%+* 0.7656%** 0.4303%**
(0.0308) (0.0560) (0.0466) (0.0452)
CcCC 0.5822%* 0.9361 0.4627 0.5364
(0.2272) (0.7475) (0.3134) (0.3381)
CC 0.6340*** 0.4459 -0.0239 0.5364*+*
(0.1472) (1.2919) (0.3900) (0.1785)
C or Below 0.7176%** 0.0696 0.8333 0.5364*+*
(0.0589) (0.3045) (0.5286) (0.0681)
Observations 93,902 19,230 38,381 36,291
R-squared 0.0370 0.0079 0.0451 0.0376

Standard errors in parentheses

xp < 0.10, % x p < 0.05, % * xp < 0.01
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Table 3.12: Internal Rate of Return Calculations From Issuance to 2013 by
Credit Rating. For AAA: also Type of Mortgage.

Return Statistic 80% TV 90% TV 100% TV
By Credit Rating

AAA 2.44 2.89 3.31
AA -7.90 -7.01 -6.21
A -10.92 -10.10 -9.35
BBB -13.56 -12.80 -12.11
Inv. Grade Ex AAA -9.01 -8.15 -7.38
By Type of Mortgage

AAA Prime 3.61 3.98 4.33
AAA SubPrime 1.61 2.14 2.62
AAA AltA 1.37 2.01 2.61
Fixzed Rate MBS

AAA Prime Fixed 4.25 4.56 4.84
AAA SubPrime Fixed 4.86 4.96 5.04
AAA AltA Fixed 3.64 4.13 4.58
Floating Rate MBS

AAA Prime Floating 3.03 3.45 3.83
AAA SubPrime Floating 1.45 1.97 2.44
AAA AltA Floating 0.42 1.12 1.76

354



Table 3.13: Discount Margin (Return Over 3-month Tbill) Calculations From
Issuance to 2013 by Credit Rating

This table presents discount margin calculations for the RMBS in our database by credit rating using the 3-month
Thill rate as benchmark. The discount margin IRR solves equation 5.

Terminal Value Assumption
Return Statistic 80% TV 90% TV 100% TV Same Loss Mean Loss Median Loss
Panel A: Principal Value - Weighted

AAA-Rated

Mean 0.0 0.3 0.7 0.6 0.7 0.6

Median 1.3 1.6 2.1 2.1 2.1 1.9

Std. Dev. 20.1 20.2 20.2 20.2 20.2 20.2

AA-Rated

Mean -1.6 -1.6 -1.6 -1.7 -1.8 -1.7

Median -0.4 0.7 1.8 1.7 -1.1 -1.0

Std. Dev. 52.5 52.4 52.6 52.6 51.9 51.8

A-Rated

Mean -1.2 -1.2 -1.2 -1.2 -1.3 -1.2

Median -0.1 0.4 1.0 1.0 -4.4 -3.6

Std. Dev. 52.5 52.4 52.6 52.6 51.9 51.8

BBB-Rated

Mean -1.0 -1.0 -1.0 -1.0 -1.1 -1.1

Median -5.3 -7.5 -7.4 -8.2 -18.1 -11.3

Std. Dev. 67.6 66.9 67.1 67.0 65.5 66.1
Panel B: Unweighted

AAA-Rated

Mean -1.3 -1.2 -1.0 -1.0 -1.0 -1.0

Median 2.2 2.6 2.8 2.7 2.8 2.7

Std. Dev. 34.3 34.8 34.8 34.8 34.8 34.8

AA-Rated

Mean -5.3 -5.5 -5.5 -5.5 -5.8 -5.6

Median -1.2 -0.8 -0.4 -1.1 -7.8 -8.1

Std. Dev. 58.7 58.2 58.5 58.3 57.6 57.7

A-Rated

Mean -6.9 -7.2 -7.2 -7.2 -7.4 -7.3

Median -18.0 -25.3 -25.3 -26.2 -32.8 -26.2

Std. Dev. 58.7 58.2 58.5 58.3 57.6 57.7

BBB-Rated

Mean -8.3 -8.6 -8.6 -8.6 -8.9 -8.7

Median -34.3 -41.0 -41.0 -41.2 -44.1 -41.1

Std. Dev. 70.8 69.7 69.8 69.7 69.1 69.2
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Table 3.14: Principal Value Weighted Discount Margin (Return Over 3-month
Tbill) Calculations by Vintage

This table presents discount margin calculations for the RMBS in our database by vintage (year of issuance) using
the 3-month Tbill rate as benchmark. The discount margin IRR solves equation 5.

Terminal Value Assumption
Return Statistic 80% TV 90% TV 100% TV Same Loss Mean Loss Median Loss
Vintage 2000

Mean 0.0 0.0 0.0 0.0 0.0 0.0
Median 5.1 5.1 5.1 5.1 5.1 5.1
Std. Dev. 22.1 22.1 22.1 22.1 22.1 22.1
Vintage 2001

Mean 0.1 0.1 0.1 0.1 0.1 0.1
Median 5.4 5.4 5.4 5.4 5.4 5.4
Std. Dev. 19.8 19.8 19.7 19.7 19.7 19.7
Vintage 2002

Mean 0.1 0.1 0.1 0.1 0.1 0.1
Median 3.9 3.9 3.9 3.9 3.9 3.9
Std. Dev. 21.5 21.5 21.5 21.5 21.5 21.5
Vintage 2003

Mean 0.2 0.2 0.2 0.2 0.2 0.2
Median 3.4 3.6 3.7 3.7 3.7 3.7
Std. Dev. 10.6 10.7 10.7 10.7 10.7 10.7
Vintage 200/

Mean 0.3 0.3 0.3 0.3 0.3 0.3
Median 3.2 3.3 3.5 3.5 3.5 3.5
Std. Dev. 17.1 17.1 17.2 17.2 17.2 17.2
Vintage 2005

Mean 0.1 0.2 0.2 0.2 0.2 0.2
Median 34 3.8 4.0 4.0 4.0 4.0
Std. Dev. 16.7 16.6 16.5 16.6 16.5 16.5
Vintage 2006

Mean -1.9 -1.8 -1.7 -1.8 -1.9 -1.8
Median 1.6 2.2 2.8 2.7 2.8 2.5
Std. Dev. 33.8 33.9 34.0 34.0 34.6 34.0
Vintage 2007

Mean -1.3 -1.2 -1.1 -1.1 -1.2 -1.2
Median 1.3 1.9 2.5 2.4 2.3 2.0
Std. Dev. 39.9 40.0 40.2 40.2 40.2 40.1

356



Table 3.15: Discount Margin (Return Over 3-month Tbill) Calculations From
Issuance to 2013 by Type of Mortgage Loan

This table presents discount margin calculations for the RMBS in our database by type of mortgage loan using the
3-month Tbill rate as benchmark. The discount margin IRR solves equation 5.

Terminal Value Assumption
Return Statistic 80% TV 90% TV 100% TV Same Loss Mean Loss Median Loss

Panel A: Principal Value - Weighted

Subprime

Mean -2.2 -2.2 -2.1 -2.1 -2.4 -2.3
Median 0.0 0.6 1.5 1.5 1.4 0.9
Std. Dev. 35.0 35.2 35.3 35.4 35.8 35.3
Alt-A

Mean -1.5 -1.4 -1.3 -14 -1.3 -1.3
Median 0.8 1.3 2.0 1.9 1.9 1.7
Std. Dev. 35.4 35.6 35.7 35.7 35.7 35.6
Prime

Mean 0.4 0.4 0.5 0.5 0.5 0.5
Median 3.2 3.5 3.8 3.8 3.8 3.7
Std. Dev. 15.2 154 15.2 15.3 15.3 15.3

Panel B: Unweighted

Subprime

Mean -8.5 -8.7 -8.6 -8.7 -9.2 -8.9
Median -1.2 -0.3 0.0 -0.1 -1.8 -2.4
Std. Dev. 64.4 64.2 64.4 64.3 63.8 63.7
Alt-A

Mean -9.7 -9.9 -9.8 -9.9 -9.9 -9.9
Median -0.4 0.2 0.8 0.4 0.6 0.2
Std. Dev. 64.1 63.7 63.9 63.8 63.8 63.8
Prime

Mean -2.0 -2.2 -2.1 -2.1 -2.1 -2.2
Median 2.9 3.3 3.6 3.6 3.6 34
Std. Dev. 37.2 38.0 38.1 38.1 38.1 38.1
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Table 3.16: Median Discount Margin (Return Over 3-month Tbill) for
A AA-rated RMBS by Vintage, Loan Type and Bond Type

This table presents discount margin calculations for the AAA RMBS in our database by type of mortgage loan,
vintage, and by type of bond (floating rate or fized rate) using the 3-month Tbill rate as benchmark. The discount
margin IRR solves equation 5.

Fixed Rate Floating Rate 3-Month
Loan Type 80% TV 90% TV 100% TV 80% TV 90% TV 100% TV  Libor

Vintage 2000

Subprime 4.5 4.5 4.5 1.6 1.6 1.6

Alt-A 4.0 4.0 4.0 2.6 2.6 2.6 2.4
Prime 3.7 3.7 3.7 3.2 3.3 3.3

Vintage 2001

Subprime 2.9 2.9 2.9 0.3 0.4 04

Alt-A 4.9 4.9 4.9 3.8 3.8 3.9 2.1
Prime 4.7 4.7 4.7 4.4 4.4 4.4

Vintage 2002

Subprime 2.8 2.8 2.8 -0.1 -0.1 -0.1

Alt-A 4.6 4.7 4.7 1.1 1.2 1.2 2.0
Prime 4.4 4.4 4.4 3.0 3.0 3.0

Vintage 2003

Subprime 4.9 5.1 5.4 -0.7 -0.6 -0.6

Alt-A 3.6 3.7 3.7 1.2 1.3 1.5 2.4
Prime 3.5 3.5 3.6 1.6 1.6 1.7

Vintage 2004

Subprime 4.4 4.6 4.7 -0.9 -0.8 -0.8

Alt-A 4.0 4.1 4.2 0.6 0.9 1.2 2.0
Prime 3.9 4.0 4.1 2.1 2.4 2.7

Vintage 2005

Subprime 5.0 5.3 5.8 0.6 0.8 0.8

Alt-A 3.9 4.4 4.8 0.9 1.5 2.0 2.1
Prime 4.2 4.5 4.8 2.5 3.0 3.5

Vintage 2006

Subprime 4.3 5.0 5.7 0.7 1.3 2.0

Alt-A 3.1 3.9 4.6 -0.1 0.9 1.8 2.1
Prime 4.5 4.9 5.4 2.8 3.4 4.1

Vintage 2007

Subprime 4.3 5.0 5.8 -0.6 0.6 1.6

Alt-A 2.9 3.8 4.6 -1.0 0.2 1.3 1.9
Prime 4.5 5.1 5.6 2.4 3.1 3.8
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Table 3.17: Subprime RMBS Returns for Deals Underlying ABX.HE Indexes

This table reports monthly returns computed from the evolution of prices of the ABX.HE indexes. The
calculations shows three time periods. The first period is the entire period of analysis, 2006-2013. The
second period runs from January 2006 through May 2009, when the prices of AAA bonds bottomed out. The
third period goes from May 2009 through December 2013.

AAA AAAp AA A BBB BBB-

Vaintage 2006-1

From Jan 06 to Dec 13 0.00 -0.37 0.09 -1.35  -2.36 -2.62
From Jan 06 to May 09 -1.08 -1.37 -4.11  -552 -7.07 -T7.28
From May 09 To Dec 13 0.76 -0.17 3.01 1.54 0.92 0.63

Vintage 2006-2

From June 06 to Dec 13 -0.09  -0.11 -1.77 =231 217 -2.40
From June 06 to May 09 -3.30 -4.56 -6.50 -846 -9.70 -9.84
From May 09 To Dec 13 1.79 0.77 1.05 1.32 2.27 1.98

Vintage 2007-1

From Jan 07 to Dec 13 -0.38 0.05 2,73  -3.05 -3.62 -4.49
From Jan 07 to May 09 -4.76 -8.01 -10.86 -11.50 -12.13 -12.15
From May 09 To Dec 13 1.73 1.64 1.19 1.02 0.49 -0.80

Vintage 2007-2

From June 07 to Dec 13 -0.41 0.24 276 -2.806 -2.94 -2.83
From June 07 to May 09 -6.00 -7.94  -12.56 -12.98 -11.83 -11.31
From May 09 To Dec 13 1.68 1.85 0.91 0.94 0.39 0.35
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3.7 Appendix Figures

Figure 3.15: Distribution of FICO Scores by Type of Mortgage
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This figure plots histograms for different moments of the distribution of FICO Scores of the mortgage loans
underlying the Residential Mortgage Backed Securities in our database. These moments correspond to the
value-weighted average, the median, 25th and 75th percentiles of FICO scores upon issuance of the MBS.
The corresponding Bloomberg fields are MTG_WAOCS, MTG_QRT_-SCORE_MED, MTG_QRT_SCORE_25,
and MTG_QRT_SCORE_75. The histograms are shown by type of mortgage loan (Prime, Alt-A, and Sub-
prime) according to the classification provided by the Mortgage Market Statistical Annual 2013 Edition. Only
securities issued in the period 2006-2012 are included.
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Figure 3.16: Vintage Fixed Effects on Probability of Loss
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This figure plots the coefficient estimates corresponding to issue year (vintage) dummy variables in linear
regressions that have as left hand side variable a dummy variable that takes the value one if the cumulative
losses as of December 2013 are strictly greater than zero, and takes the value zero otherwise. The right
hand side have all the covariates available in our database as controls, including issue year dummies. The
solid line corresponds to the point estimate in non-weighted regressions and the dashed line to the point
estimates in principal-weighted regressions. The coefficients are measured with respect to year 2001, whose
coefficient is normalized to zero. The top panel shows the results including all credit ratings. The bottom
four panels present the results for regressions for each credit rating. The LHS of the regression is computed
by accumulating the time series of losses for each MBS (Bloomberg field HIST_LOSSES) up to December
2013 and assigning the value one to those securities with strictly positive losses. The credit rating s based
on the credit ratings assigned upon issuance of the security (for example, for the rating by Moody’s we use
the Bloomberg field RTG_-MDY_INITIAL). The calculations include all the bonds issued since 1987. We
exclude all the MBS bonds for which the original principal amount is only a reference or that can distort our
computations. The excluded bonds include bonds with zero original balance, excess tranches, interest-only
bonds, and Net Interest Margin deals (NIM).
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Figure 3.17: Vintage Fixed Effects on Weighted Probability of Loss by Type of
Mortgage Loan
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This figure plots the coefficient estimates corresponding to issue year (vintage) dummy variables in linear
regressions that have as left hand side variable a dummy variable that takes the value one if the cumulative
losses as of December 2013 are strictly greater than zero, and takes the value zero otherwise. The right
hand side have all the covariates available in our database as controls, including issue year dummies. FEach
panel shows the coefficients for regressions run separately for different categories of mortgage loan. Fach
MBS is assigned to one of three categories (Prime, Alt-A, and Subprime) based on different moments of the
distribution of FICO scores of the underlying mortgage loans using the classification of bonds issued after
2005 by the Mortgage Market Statistical Annual Edition 2018. See figures 3.1 and 3.15 to understand the
basis of the classification. The regressions are weighted by the original principal amount and the coefficients
are measured with respect to year 2001, whose coefficient is normalized to zero. Year 2001 was the earliest
year for which we could estimate a coefficient for the three types. The top panel shows the results including
all credit ratings. The bottom four panels present the results for regressions for each credit rating.
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Figure 3.18: Non-weighted Probability of Loss Over Time by Type of Mortgage
and by Credit Rating
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This figure plots the fraction of securities that incurred losses for all Residential Mortgage Backed Securities
in our database during the period 2000-2013 by credit rating and by type of mortgage loan. FEach bond
is assigned to one of three categories (Prime, Alt-A, and Subprime) based on different moments of the
distribution of FICO scores of the underlying mortgage loans using the classification of bonds issued after
2005 by the Mortgage Market Statistical Annual Edition 2013. See figures 3.1 and 3.15 to understand the
basis of the classification.. Each panel shows the calculations by different credit ratings or groups of ratings
for the three categories. Both the principal amount and the ratings refer to their values upon issuance of the
security. At every point in time, all securities that have been issued at that point in time or before enter
the calculations. The calculations include all the bonds issued from 1987 through 2008 as long as they had a
credit rating available, but we only plot the results starting in year 2000. We exclude all the MBS bonds for
which the original principal amount is only a reference or that can distort our computations.
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Figure 3.19: Moody Idealized Cumulative Expected Loss Rates

Rating 1

Aaa  0.000028%
Aal 0.000314%
Aa2  0.000748%
Aa3  0.001661%
Al 0.003196%
A2 0.005979%
A3 0.021368%
Baal 0.049500%
Baa2  0.093500%
Baa3  0.231000%
Ba1l 0.478500%
Ba2  0.858000%
Ba3 1.545500%
B1 2.574000%
B2 3.938000%
B3 6.391000%
Caa  14.300000%

Year
2 3 4 5 6 1 8 9 10
0.000110%  0.000390%  0.000990%  0.001600%  0.002200%  0.002860%  0.003630%  0.004510%  0.005500%
0.001650%  0.005500% 0.011550%  0.017050%  0.023100%  0.029700%  0.036850%  0.045100%  0.055000%
0.004400%  0.014300% 0.025850%  0.037400%  0.048950%  0.061050%  0.074250%  0.090200%  0.110000%
0.010450%  0.032450%  0.055500%  0.078100%  0.100650%  0.124850%  0.149600%  0.179850%  0.220000%
0.020350%  0.064350% 0.103950%  0.143550%  0.181500%  0.223300%  0.264000%  0.315150%  0.385000%
0.038500%  0.122100% 0.189750%  0.256850%  0.320650%  0.390500%  0.455950%  0.540100%  0.660000%
0.082500%  0.198000%  0.297000%  0.401500%  0.500500%  0.610500%  0.715000%  0.836000%  0.990000%
0.154000%  0.308000%  0.456500%  0.605000%  0.753500%  0.918500%  1.083500%  1.248500%  1.430000%
0.258500%  0.456500%  0.660000%  0.869000%  1.083500%  1.325500%  1.567500%  1.782000%  1.980000%
0.577500%  0.940500%  1.309000%  1.677500%  2.035000%  2.381500%  2.733500%  3.063500%  3.355000%
1.111000%  1.721500% 2.310000%  2.904000%  3.437500%  3.883000%  4.339500%  4.779500%  5.170000%
1.908500%  2.849000%  3.740000%  4.625500%  5.373500%  5.885000%  6.413000%  6.957500%  7.425000%
3.030500% 4.328500%  5.384500%  6.523000%  7.419500%  8.041000%  8.640500%  9.190500%  9.713000%
4.609000% 6.369000% 7.617500%  8.866000%  9.839500% 10.521500% 11.126500%  11.682000%  12.210000%
6.418500%  8.552500%  9.971500% 11.390500% 12.457500% 13.205500% 13.832500%  14.421000%  14.960000%
9.135500% 11.566500% 13.222000% 14.877500% 16.060000% 17.050000% 17.919000% 18.579000%  19.195000%
17.875000% 21.450000% 24.134000% 26.812500% 28.600000% 30.387500% 32.175000%  33.962500%  35.750000%

This figure presents a table that relates credit ratings with the loss rates (loss as fraction of principal) that

asset backed securities would be expected to have.

The table was used up to the crisis as a reference and

it was produced by Moody’s. Importantly, Moody’s would use this table as part of the risk and valuation
analysis, but not as summary statistic that would completely determine its rating. The table is available here
https: //www. moodys. com/ sites/products/productattachments/marvel_user_ guidel. pdf
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