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Comparing Measures of Potential Output

Amy Y. Guisinger, Michael T. Owyang, and Hannah G. Shell

INTRODUCTION
One of the goals of stabilization policy is closing the output gap—that is, the difference 

between actual and potential output. Obviously, then, a key component of stabilization policy 
and its timing is the proper measurement of potential output. Potential output is an unob-
served measure of the economy’s ability to generate output. Unfortunately, many decades of 
academic research have failed to converge on a single measure (or even definition) of potential 
output, leaving one of policymakers’ key objectives—at least, in part—out of focus.

As an example, one of the early works on measuring potential output was by Okun (1962) 
and led to the development of Okun’s law, an empirical relationship between output and 
unemployment. Since that paper, a large literature has arisen around the measurement of 
potential output in various countries. Orphanides and van Norden (2002) show that conven-

One of the goals of stabilization policy is to reduce the output gap—the difference between potential 
and actual output—during downturns. Potential output, however, is an unobserved variable whose 
definition can vary. For example, some view potential output as the level of output that can be pro-
duced when employment is at the natural rate. Others use trend measures of output to measure 
potential. We survey some of these measures using both full-sample data (all of the data that would 
be available through June 2017) and real-time data (the actual data that would have been available 
at different points in the sample). We construct six different measures of potential: a linear trend, a 
quadratic trend, the Congressional Budget Office measure, and three filtered trends. We compare 
these measures across methods and across time. We also use the measures to compute the monetary 
policy prescription in a standard interest rate rule and find very little difference across methods.  
(JEL C22, E32)
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tional statistical measures produce unreliable estimates of the U.S. output gap in real time 
because they are subject to large revisions and the unreliability of end-of-sample estimates; 
however, Edge and Rudd (2016) find that despite changes in productivity, the revision prop-
erties of output-gap estimates improved significantly in the late 1990s and early 2000s. Fernald 
(2014) closely examines the productivity slowdown in the 2000s, showing that declines in 
productivity preceded the Great Recession and that the current low-productivity state is not 
related to the downturn. This slowdown implies slower long-term potential growth (Fernald 
estimates around 2.1 percent) and a narrower output gap than that identified by the Congres-
sional Budget Office (CBO).

Marcellino and Musso (2011) find that estimates of the output gap in the euro area are 
also highly uncertain. However, they attribute the uncertainty to parameter instability and 
model uncertainty instead of data revisions. Champagne, Poulin-Bellisle, and Sekkel (2016) 
extend the U.S.-based studies to Canada’s output-gap estimates, concluding that the Bank of 
Canada’s staff estimates have become more reliable over the past 30 years. Dungey, Jacobs, 
and Tian (2017) use an unobserved components (UC) filter to forecast one-step-ahead poten-
tial for the G-7 countries and find that allowing for correlated shocks is more valuable to the 
measurement of potential than allowing for structural breaks.1

One of the central issues in measuring potential output is that there is no single theoretical 
definition. Kiley (2014) highlights the importance of defining concepts related to various 
methodologies for estimating potential output. Some economists prefer to define potential 
output as the trend—sometimes linear or quadratic—in output. This definition allows the 
analyst to use univariate (or sometimes multivariate) econometric techniques to measure 
potential output without much theory. However, even these techniques must rely on often 
implicit theoretical assumptions (Basu and Fernald, 2009). These techniques generally consist 
of filters that separate the trend from cyclical or low-frequency fluctuations. There are, how-
ever, a variety of different filters that are commonly used, and their popularity often depends 
on their ease of use or availability of executable code rather than the reliability or sensibility 
of the resulting potential output series. Other techniques, like those used by the CBO, define 
potential as the level of output possible if all resources are employed at their full potential, 
defined as trend growth in productive capacity. The theoretical assumptions underlying these 
techniques directly influence the calculation of potential; however, there are many unknowns 
associated with these models, including structural (parameter) shifts and even the appropri-
ateness of the model itself to describe the economy (Basu and Fernald, 2009).

In this article, we explore some of the myriad of methods to measure potential output. 
We start by examining a measure produced by the CBO, which uses empirical relationships 
among output, the unemployment rate, and inflation, among other variables. We then con-
sider a few common methods used to extract a trend-version of potential output: (i) a linear 
trend, (ii) a quadratic trend, (iii) the Hodrick-Prescott (1997) filtered trend, (iv) a univariate 
version of the UC model (Harvey, 1989, Clark, 1987, and Watson, 1986), and (v) a multivariate 
version of the UC model that includes inflation (Basistha and Startz, 2008).

Evaluating these methods, however, is a difficult task. Unlike standard out-of-sample fore-
cast experiments with observed data, potential output is latent, so there is no “truth” against 
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which we can compare our estimates. However, one way to examine the measures is to view 
the implications of their use through a policy lens. We consider the use of the six different 
measures (five trend measures and the CBO measure) in a standard version of the Taylor rule, 
asking whether different methods for estimating potential output would lead to dramatically 
different conclusions about how policy should be implemented at different points. We first 
conduct this experiment ex post, using all of the data in the sample. We then consider how 
these conclusions would have varied in “real time,” using only data that were available at the 
time.

We find small differences across the measures of potential output. These differences are 
magnified at the beginning and end of the sample around turning points and when using real-
time data. However, we find that these differences do not typically affect the policy prescrip-
tion resulting from a standard Taylor-type interest rate rule.

The balance of the article is laid out as follows: Section 1 describes four of the six measures 
of potential output that we consider. Section 2 describes the data and the full-sample estimates 
of potential output using linear and quadratic trends and each of the four measures described 
in Section 1. Section 3 recomputes the estimates of the measures in real time, while Section 4 
shows the implications for monetary policy using a calibrated Taylor rule. Section 5 concludes.

METHODS OF COMPUTING POTENTIAL OUTPUT
Potential output is an unobserved construct often thought to be synonymous with the 

maximum level of sustainable output. Because it is unobserved, potential output is generally 
constructed from observed data such as gross domestic product (GDP). Some definitions of 
potential output are based on theoretical or empirical relationships that are imposed on the 
data. For example, one might believe in both a Phillips curve-type relationship (between unem-
ployment and inflation) and an Okun’s law-type relationship (between output and unemploy-
ment) and construct potential output from a three-variable New Keynesian model. In this 
section, we discuss a few common methods of estimating potential output and how they differ, 
both theoretically and empirically. Obviously, the methods here describe only a small subset 
of the literature; they are, however, relatively commonly used measures.

The CBO Measure of Potential Output

The CBO defines potential output as the trend growth in the productive capacity of the 
economy. To estimate potential output, it uses a model that attributes real GDP growth to 
the growth in three factor inputs: capital, labor, and technological progress. The CBO method 
divides GDP into five sectors: nonfarm business, government, farm, households and non-
profits, and housing.2 For each sector, the CBO estimates a production function based on 
labor, capital accumulation, and total factor productivity (TFP) using a “potential value” for 
each factor.3

Output in sector i is assumed to be generated from a Cobb-Douglas production function:

(1) Yi ,t = Ai ,tLi ,t
1−α( )Ki ,t

α ,
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where Yi,t is period-t output in sector i, Li,t is hours worked in sector i during period t, Ki,t is 
the level of the capital stock in sector i at time t, and Ai,t is period-t TFP for sector i (CBO, 
2001). The parameter α represents the capital share—capital’s contribution to output growth.4 
Aggregate output is assumed to be the sum of output across the five sectors. The CBO defines 
potential output for each sector as the output obtained when all of the factors (A, L, and K) 
are at their potential levels.

The potential level of the hours worked factor, L*
i,t , is computed as the product of average 

weekly hours, l
–
i,t , and potential employment, which in turn is determined by the potential 

labor force, N*
i,t :

 Li ,t
* = li ,t 1−Ui ,t

*( )Ni ,t
* ,

where U* is the natural rate of unemployment.5 The size of the labor force is assumed to be a 
function of the unemployment gap (i.e., the deviation of the unemployment rate from the 
natural rate) and the state of the business cycle, St:

(2) log Ni ,t( )= βi Uit −Uit
*( )+ fi St( )+ ei ,t ,

where St is a matrix of business cycle dummy variables, with each column representing one 
business cycle, and ei,t is an iid normal error term. A representative element of St is set to 1 
during the expansion associated with that column. The CBO uses the fitted values from this 
regression, setting Uit + U*

it, to obtain an estimate for the potential size of the labor force, N*
i,t .

Because different types of capital have different potential productivities, the CBO uses a 
capital services index that assumes that the marginal productivities of different types of capital 
are proportional to capital cost shares.6 The types of capital in the CBO index are computers, 
software, communications equipment, other equipment, nonresidential structures, invento-
ries, and land. The index is then the average of capital growth rates weighted by cost share:

 log
Ki ,t

Ki ,t−1

⎛

⎝⎜
⎞

⎠⎟
=

j
∑ω ij ,tlog

Kij ,t

Kij ,t−1

⎛

⎝
⎜

⎞

⎠
⎟ ,

where j denotes the different types of capital. The weights ωij,t are a two-period average of the 
relative cost share of each type of capital j (CBO, 2001) for sector i. The resulting index does 
not have to be adjusted to potential because the productivities already represent the potential 
contribution of capital to output.

The final component of the nonfarm business sector is TFP, which is estimated by using 
the residual historical growth values not attributed to capital and labor. These values are then 
cyclically adjusted similar to the way the labor factor uses separate dummy time trends for 
each business cycle.

While the sectors of the CBO model generally follow the same format, there is some varia-
tion. For example, the government sector separates output into local, state, and federal levels 
and then calculates each individual component by using potential compensation of employees 
and capital cost allowance. Compensation is modeled as a function of potential employment 
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and potential productivity. Output for the farm sector is a function of potential farm employ-
ment and potential output per employee, and output from the households and nonprofit sector 
is calculated using potential hours worked and potential productivity in the same manner out-
lined above. The housing sector is a bit different and relies on projections of the residential 
housing stock based on residential investment and projections of the productivity of that 
stock using the rate of residential capital depreciation. 

HP Filter

Another method for computing potential output that is commonly used by both the 
media and academics defines potential as “trend output.” While this method can be as simple 
as computing a deterministic (say, linear or quadratic) trend from output data, the literature 
has typically adopted slightly more complicated methods of extracting the trend. One popular 
method for extracting a trend from a single series of data is the Hodrick-Prescott (1997, hence-
forth HP) filter. The objective of the HP filter is to separate the high-frequency or cyclical 
fluctuations from the low-frequency or trend movements.

Suppose that Yt is the series in question (in our case, output) and T is the length of the 
data series. The HP-filtered trend is obtained from

 min
t=1

T

∑ yt − yt
*( )2

+λ
t=2

T−1

∑ yt+1
* − yt

*( )− yt
* − yt−1

*( )⎡⎣ ⎤⎦
2⎛

⎝⎜
⎞
⎠⎟

,

where yt = logYt and y*
t is the value of the potential output (measured as the trend) at time t. 

The parameter λ is a smoothing parameter that is discussed below. The two terms of the equa-
tion lead to a trade-off between allowing the trend to follow the data (the first term) and mini-
mizing movements in the trend (the second term). The smoothing parameter increases the 
weight on the latter: The larger the smoothing parameter, the more weight is placed on mini-
mizing the higher-frequency fluctuations. Thus, as the data frequency increases, it is desirable 
to set the smoothing parameter to larger values (see Ravn and Uhlig, 2002, for a discussion of 
the values commonly used for various data frequencies).

While the HP filter’s relative ease of use is an advantage, the method does have a number 
of drawbacks. Aside from choosing the “correct” value of the smoothing parameter, the HP 
filter makes a number of assumptions about the data to be examined, including that the series 
is I(2). If the series is not I(2), the HP filter can introduce false fluctuations in the trend.7

Unobserved Components

An alternative to the HP filter that may have better statistical characteristics is the UC 
model first introduced in Harvey (1989). Similar to the HP filter, the UC model assumes that 
the data series yt (in our case, log output) can be written as the sum of a unit root trend y*

t and 
stationary cycle ct :

 yt = yt
* + ct ,
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where the trend is a random walk with drift τ,

 yt
* =τ + yt−1

* + εt ,

and the cycle exhibits stationary AR(P) dynamics,

 ct = A L( )ct−1 +vt ,

where εt and vt are iid normal error terms and P ≥ 2 is a common identification assumption.
A typical assumption in the UC literature is that the variance-covariance of the vector of 

errors is diagonal—that is, εt and vt are orthogonal. However, Morley, Nelson, and Zivot (2003) 
showed that the assumption of zero correlation between the trend and cycle innovations can 
be relaxed. Moreover, imposing σεv ≈ –1 yields another common filter, the Beveridge-Nelson 
decomposition. For our application, we will consider the uncorrelated UC model but refer 
the reader to Morley, Nelson, and Zivot (2003) for the application with correlation between 
the shocks to the trend and cycle. 

Multivariate Unobserved Components

One issue with the potential output measures computed in the previous two sections is 
that they are simply trends extracted from output without any economic theory. We can add 
an element of economic theory by incorporating other variables that might fluctuate when 
the difference between output and potential output changes. For example, if one believed in 
Okun’s law and a Phillips curve (as in a New Keynesian model), then there should exist a rela-
tionship between output’s deviation from potential and inflation. We can capture this relation-
ship by estimating a multivariate version of the UC model, where we allow some correlation 
between the cross-series innovations in the trends and cycles.

For this model, we assume that both output and inflation can be written as the simple 
sum of a trend and a cycle:

 
yt
π t

⎡

⎣
⎢
⎢

⎤

⎦
⎥
⎥
=

yt
*

π t
*

⎡

⎣

⎢
⎢

⎤

⎦

⎥
⎥
+

ct
y

ct
π

⎡

⎣

⎢
⎢

⎤

⎦

⎥
⎥

,

where the trends in each variable are unit roots with separate drifts:

 
π t

* = τ π +π t−1
* + εt

π ,

yt
* = τ y + yt−1

* + εt
y .

The cycles ct = [c y
t,c

π
t ]́  evolve as a VAR(P):

 ct = A L( )ct−1 + v t ,

where the covariance matrix is block diagonal,
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 Ω =

ω yy
τ ω yπ

τ 0 0

ω yπ
τ ωππ

τ 0 0

0 0 ω yy
c ω yπ

c

0 0 ω yπ
c ωππ

c

⎡

⎣

⎢
⎢
⎢
⎢
⎢
⎢

⎤

⎦

⎥
⎥
⎥
⎥
⎥
⎥

.

This formulation allows an outside variable—in this case, inflation—to influence the estimate 
of potential output through the contemporaneous correlation in Ω and the lagged correlation 
in the VAR.8 The block diagonal structure allows contemporaneous correlation across the 
variables in the cycles or trends but does not allow the trend and cycle of a variable to be con-
temporaneously correlated and does not allow the trend of one variable to be correlated with 
the cycle of the other.

COMPARING SIX MEASURES OF POTENTIAL OUTPUT
Data

The standard measure for output is real GDP, which is available at a quarterly frequency 
from the Bureau of Economic Analysis (BEA). The BEA releases three estimates of output: 
an advance estimate available one month after the end of a quarter, a preliminary estimate 
available two months after the end of a quarter, and a final estimate available three months 
after the end of a quarter. The final numbers are continually revised. As is typical in these types 
of analyses, we present the revised final estimates, seasonally adjusted and annualized.

In a later section, we consider the computation of real-time estimates of potential output 
using only the final estimates of real GDP that would have been available at the time. Moreover, 
we use the data vintage from each period, ignoring subsequent revisions to the data. Thus, in 
1990:Q1, we would compute potential output using only data available at that point in time 
and using only the revisions that were available up to that date.

Inflation data are the yearly percent change in quarterly, seasonally adjusted personal 
consumption expenditures compiled by the BEA.

These two data series, along with the CBO’s potential output, are accessed from the Federal 
Reserve Bank of St. Louis FRED® database. We use data from 1950:Q1 through 2015:Q2 for 
the full-sample analysis. The real-time measures of output, inflation, and the CBO’s potential 
output come from the FRED® vintage data service, ALFRED®. For the output measures, we use 
the first vintage available in January 1992; for inflation, we use the first vintage in January 1996. 

Full-Sample Results

Figure 1 presents output gaps—the difference between actual output and potential out-
put—for six alternative measures of potential GDP. Panel A shows the linear and quadratic 
time trends, Panel B shows the CBO measure and the trend component of the HP filter, and 
Panel C shows the two UC models. The linear time trend assumes that the growth rate in 
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potential output is constant over time. A prominent feature of the data is that GDP growth 
appears slower in the first half of the sample than in the second half. Because the linear time 
trend assumes that the growth rate of potential output is constant over the whole sample, the 
output gap is negative for much of the middle years of the sample. Additionally, the output 
gap is large and positive (actual output is greater than potential) at the beginning and end of 
the sample.

1950 1960 1970 1980 1990 2000 2010
–2,000

–1,000

0

1,000

2,000

Linear
Quadratic

1950 1960 1970 1980 1990 2000 2010
–2,000

–1,000

0

1,000

2,000

Billions of 2009 USD

CBO
HP Filter

1950 1960 1970 1980 1990 2000 2010
–2,000

–1,000

0

1,000

2,000

Univariate UC
Bivariate UC

Billions of 2009 USD

Billions of 2009 USD

A. Linear and Quadratic Time Trends 

B. CBO Potential GDP and HP-Filtered Trend Component

C. Univariate and Bivariate UC Models

Figure 1
Output Gaps for the Six Alternative Measures of Potential Output 

NOTE: Gray bars indicate recessions as determined by the National Bureau of Economic Research (NBER).

SOURCE: BEA, CBO, FRED®, and authors’ calculations.
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The quadratic time trend introduces an additional term that allows the growth rate of 
potential output to change over time. The quadratic trend may be a more realistic estimate of 
potential GDP, yielding a negative output gap during economic downturns and a positive out-
put gap during the height of some expansions. Based on the quadratic trend, GDP was above 
potential for most of the 2000s then fell below potential during the 2007-09 recession and has 
yet to recover. While simple to compute and easy to understand, these deterministic trends do 
not allow for possible structural change and are sensitive to the sample used to compute them.

Panel B of Figure 1 presents the CBO estimate and the trend component of the HP filter. 
Compared with the deterministic trends above, these two measures track real GDP more closely, 
usually resulting in smaller output gaps. For example, measured GDP was below both the 
HP-filtered and the CBO measures of potential output for short periods at the beginning of 
the 2000s. However, during the 2007-09 recession, the two measures diverged: Measured GDP 
was at the CBO measure of potential leading into the Great Recession but below the HP-filtered 
measure of potential.

These differences highlight one feature of the CBO model: It rarely places output above 
potential. Figure 2 highlights the last 10 years of data (2006:Q1–2016:Q1) for both the CBO 
measure and the HP filter. The CBO has the output gap much larger than the other measures 
during and after the Great Recession, with output still below potential into 2016.9 The HP fil-
ter, on the other hand, has output above potential for the first half of the recession and shows 
a negative output gap only until mid-2011.

2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016
1.40

1.45

1.50

1.55

1.60

1.65

1.70

Billions of 2009 USD
104

Real GDP
CBO Potential GDP
HP-Filtered Trend

Figure 2
Real GDP, CBO Potential GDP, and the HP-Filtered Trend Component (2006:Q1–2016:Q1)

NOTE: Gray bar indicates recession as determined by the NBER.

SOURCE: BEA, CBO, FRED®, and authors’ calculations.
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Figure 3 compares the year-over-year percent change in the HP-filtered and the CBO 
potential output measures. The two series mostly move together, with some exceptions around 
the end of the sample, during the expansion between 1960 and 1970, and during the 1973 
downturn. At the beginning of the sample in 1950, potential GDP growth was high in both 
measures, slightly above 5 percent. Potential output growth fluctuates over 5- to 10-year cycles 
for the next 50 years, averaging about 3 percent until the early 2000s when it falls to less than 
1 percent before bottoming out. Figure 3 also shows that the HP filter’s performance deterio-
rates around the ends of the sample. Because the filter has fewer data points on the ends, it is 
more difficult to identify the trend. Near the ends of the sample, the CBO potential growth 
rate is about 1.5 percent, while the HP filter’s is higher and about 2.1 percent.10

Panel C of Figure 1 presents the trend component of GDP from the univariate and multi-
variate UC models. The univariate UC trend yields positive output gaps before the 1991, 2001, 
and 2007-09 recessions (albeit a much smaller positive gap leading into the 2007-09 recession). 
After the Great Recession, the univariate UC trend yields a large negative output gap. Unlike 
previous measures, the univariate UC output gap does not narrow during the Great Recession 
recovery. Instead, the gap widens. The bivariate UC trend, which allows for correlation 
between inflation and output in the estimation of potential, shows output below potential 
through the 1980s.11 Output returns to potential for a while after the 1980s, until the mid-
1990s, then goes above potential and remains there until the 2007-09 recession. Consistent 
with a narrative about unsustainable gains in productivity during the IT boom leading to 
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growth above potential (Fernald, 2014), the bivariate UC model is the only measure for which 
measured output is above potential for all of the 2000s. After the 2007-09 recession, output 
falls below potential and the gap widens through the end of the sample. This model implies 
that GDP during the 2000s was growing above potential and that the 2007-09 recession actu-
ally served to adjust growth back down to potential levels.

REAL-TIME ESTIMATES OF POTENTIAL OUTPUT 
The previous section demonstrated that differences in the definition of potential output 

for the methods used to construct it can alter our conclusions about the state of the economy. 
In that section, we used the data that were available in 2017:Q3. The data are, however, revised 
over time. For example, the 2001:Q1 observation of GDP might be different if observed in 
2003:Q1 versus 2004:Q1. These revisions to the GDP data will obviously affect the calculation 
of potential.12

To see how the different measures of potential output change as the data are revised, we 
compute quasi-real-time estimates using different vintages of data. To compute a series for 
potential output at time τ, we use the data that would be available at that time—that is, we use 
Y1,…,Yτ–1. We consider a few different vintages of data: the first available vintage, 1992:Q1, 
and vintages for the first quarter of every fifth year, 1995:Q1, 2000:Q1, 2005:Q1, 2010:Q1, 
and 2015:Q1. Figure 4 shows the GDP vintages. The bivariate UC model is computed using 
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vintage data for both GDP and inflation. Because of limited availability of inflation vintages, 
the bivariate UC model is calculated starting in 1996:Q1 and then follows the same years as the 
univariate UC model (2000:Q1, 2005:Q1, and so forth). Figure 6 shows the six GDP vintages 
indexed to 100 at the beginning of the sample (January 1961 for the real-time analysis). A major 
revision between the 1995:Q1 and 2000:Q1 vintages shifts GDP up substantially. Another, 
less dramatic, upward shift occurs in the 2000s between the 2010:Q1 and 2015:Q1 vintages.

Figures 5-7 plot the vintage computations of potential output for the different methods 
outlined above. Notice that the real-time measure not only affects the last period of the vintage, 
but also can affect the estimates of potential output for all periods before. This effect can occur 
because the data are different (revised) or because the latest observation of the data affects 
the inference for all periods before. The GDP vintages used are reported in real terms using 
varying dollar indexes. To compare vintages across different dollar indexes, we index the 
potential computations to 100 in the first period.

Figure 5 shows real-time potential output for the linear time trend (Panel A) and quadratic 
time trend (Panel B). Because of the restriction in the linear trend that output be constant 
over time, as the sample size increases, the slope of the potential output curve becomes steeper. 
This steady increase reflects both GDP growth over time and revisions that shifted historical 
growth upward. The quadratic trend picks up on the same increasing growth over time. The 
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first two vintages, 1992:Q1 and 1995:Q1, move together, then the vintages between 2000:Q1 
and 2010:Q1 have an upward shift with a more defined curve, and finally the last vintage in 
2015:Q1 moves up again.

Figure 6 plots real-time vintage potential output for the HP-filtered (Panel A) and CBO 
measures (Panel B). These measures produce essentially the same potential output estimates 
for the 1992:Q1 and 1995:Q1 vintages. In 2000:Q1, the GDP revision causes an upward level 
shift in potential output. The real-time analysis further illustrates the problem of the HP filter 
being less accurate around the end points. As seen in the figure, around the Great Recession, 
the HP-filtered potential estimate increases notably from the 2010:Q1 vintage to the 2015:Q1 
vintage. The CBO measure is more consistent through the recession, although the 2015:Q1 
vintage shifts potential down slightly during the recession. 

Figure 7 plots the vintage output estimates for the univariate UC (left) and bivariate UC 
(right) models. Potential obtained from the bivariate UC model has a different starting vintage 
to incorporate the personal consumption expenditures inflation data. The univariate UC 
vintages follow a similar pattern as those of the CBO and HP filter, reflecting an increase in 
potential output after 2000:Q1. Otherwise, the univariate model is mostly consistent despite 
the GDP revisions. The notable exception is around the 2007-09 recession, where the 2015:Q1 
vintage estimates potential to be higher during the recession than the 2010:Q1 vintage.
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Data revisions for the bivariate UC model are substantively different from the other models. 
In the years following the Great Recession, data revisions for the other models generally lead 
to upward revisions in potential. For the bivariate UC model, however, the revised data show 
a downward adjustment of potential.

IMPLICATIONS FOR POLICY
One reason to care about measuring potential output is that it may be important for the 

conduct of monetary policy. While there appear to be differences in the measures of potential 
across methods and vintages, one might want to determine whether these differences are sub-
stantive enough to produce differences in policy. Although the Federal Reserve’s dual mandate 
is to achieve full employment and stable prices, the conduct of monetary policy is often theo-
rized to depend on output relative to its potential (which would be proportional to the devia-
tion between the unemployment rate and the natural rate if Okun’s law were assumed to hold). 
As an example, the Taylor (1993) rule, which is often characterized as an optimal rule for the 
stance of monetary policy, sets the policy rate, rt , as a function of the deviation of the inflation 
rate, πt, from a target rate, π*, and the deviation of log output, Yt , from log potential, Y*

t :

1961
1967

1974
1981

1988
1994

2001
2008

2014
100

150

200

250

300

350

400

450

500

550

600

1961
1967

1974
1981

1988
1994

2001
2008

2014
100

150

200

250

300

350

400

450

500
Billions of De�ated USD Billions of De�ated USD

1992:Q1
1995:Q1
2000:Q1
2005:Q1
2010:Q1
2015:Q1

A. Univariate UC Model B. Bivariate UC Model

Figure 7
Vintage Potential Output Estimates  

NOTE: Gray bars indicate recessions as determined by the NBER.

SOURCE: BEA, BLS, ALFRED®, and authors’ calculations.



Guisinger, Owyang, Shell

Federal Reserve Bank of St. Louis REVIEW Fourth Quarter 2018      311

(3) rt = rt
* +π t +aπ π t −π

*( )+ay Yt −Yt
*( ),

where rt  is the equilibrium interest rate. A common parameterization of the Taylor rule is to 
set aπ = ay = 0.5 and set the equilibrium interest rate r*

t  = 2.0.
The two coefficients aπ and ay reflect the policymaker’s responsiveness to inflation and 

output deviations, respectively. Larger coefficients imply larger movements in the policy 
instrument (usually the federal funds rate). However, the coefficients in the Taylor rule are 
not the only “free parameters.” While the Fed has recently adopted a target band for inflation 
centered on 2 percent, how one computes potential output can affect the prescribed interest 
rate even with fixed parameters and a fixed inflation target.

Figure 8 shows the time series of the federal funds rate prescribed by the Taylor rule in 
Equation 3 using the six measures of potential output described above and the actual federal 
funds rate over the same period. Each of these series is computed using the full sample of data. 
Except for the beginning of the sample, the different measures of potential prescribe almost 
the same policy rate. In the beginning of the sample, the linear time trend and bivariate UC 
yield estimates that are slightly different from those of the other four measures because of 
large differences in each measure’s estimated output gap. The linear trend prescribes a slightly 
higher policy rate in the early years of the sample because assuming a constant growth rate 
places potential below actual output for the first 10 years of data.
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The Policy Rate Prescribed by the Taylor Rule, with the Output Gap Calculated Using the 
Six Alternative Measures of Potential Output 

NOTE: FFR, Federal funds rate. Gray bars indicate recessions as determined by the NBER.
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One issue with the exercise in Figure 8 is that policymakers did not have access to all of 
the information for the full sample of data at every point in time. This availability issue is 
important because the HP filter is a two-sided filter and both UC methods use smoothers. 
The use of smoothers means that they use all of the data available to infer potential output—
that is, data at time T at the end of the sample could influence the estimate of potential output 
at time t < T. Because the policymaker would not have this period-T data available, his or her 
estimate of potential output could differ substantially and lead to a very different prescription 
for policy.

Figure 9 shows the real-time policy rates prescribed by the univariate UC model. The 
full-sample data above do not yield drastic differences for the policy rate; however, different 
vintages within the same measure do show important differences. We show only the vintages 
for the univariate UC model, but the real-time policy rates from the other measures yield 
similar results.13 As more data become available and historical data are revised, estimated poten-
tial changes and so does the respective output gap. These updates to the data series lead us to 
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Real-Time Policy Rate Prescriptions Calculated Using the Univariate UC Model as 
Potential Output in a Taylor Rule 

NOTE: FFR, Federal funds rate. Gray bars indicate recessions as determined by the NBER.
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reach different conclusions about policy rate levels around turning points. The real-time policy 
rule identifies an earlier turning point for the 1970 recession in the 1995:Q1 vintage than in 
the 1992:Q1 vintage and exhibits a lower max policy rate during the double-dip 1980s reces-
sion. After 1992:Q1, the revised data cause a downward level shift in the prescribed policy 
rate during the 1980s. Beyond a small blip in the late 1960s between the 1992:Q1 and 1995:Q1 
vintages, the turning points occur on the same dates. However, the level of the policy rate at 
these turning points does vary. Figures 10 and 11 highlight level shifts in vintage policy rules 
around turning points. For example, the turning point before the 1990s recession was revised 
lower as new vintages were released. Figure 10 shows that after the 1992:Q1 vintage, data revi-
sions imply a later turning point in the 1969-70 recession. Figure 11 highlights the downward 
shift in prescribed policy rates during the 1980s. As data revisions were released, policy rates 
shifted from a peak of around 9.5 percent from the 1992:Q1 vintage during the 1991 recession 
to around 8.5 percent in the 2010:Q1 and 2015:Q1 vintages. 
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Real-Time Taylor-Rule-Implied Policy Rates Using the Univariate UC Model for the 
Output Gap Calculation 

NOTE: The limited date range shows that, after the 1992:Q1 vintage, data revisions imply a later turning point in the 
1960-1970 recession. FFR, Federal funds rate. Gray bars indicate recessions as determined by the NBER.
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CONCLUSION
We considered a number of relatively common methods of measuring potential output. 

While the measures produce qualitatively similar results, they can also vary at important times: 
at the beginnings and ends of the sample periods and around turning points. Moreover, the 
measures can vary substantially in real time. However—and perhaps fortunately for the policy-
maker—simple interest rate rules do not show wildly different policy prescriptions based on 
the different measures. n
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Real-Time Taylor-Rule-Implied Policy Rates Using the Univariate UC Model for the 
Output Gap Calculation 

NOTE: The limited date range shows that, as data were revised, Taylor rule policy rates were shifted lower through the 
1980s. FRR, Federal funds rate. Gray bars indicate recessions as determined by the NBER.

SOURCE: ALFRED®, BEA, BLS, Board of Governors of the Federal Reserve System, and authors’ calculations.
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NOTES
1 See also Kamber, Morley, and Wong (2018) for a survey.

2 The largest and most important sector in the CBO model is the nonfarm business sector, which accounts for 
approximately 70 percent of GDP.

3 For a more detailed discussion, see Arnold (2009).

4 The CBO sets α = 0.3 based on historical growth accounting data that measure payments to owners of capital as 
30 percent of total income.

5 The CBO’s NAIRU (non-accelerating inflation rate of unemployment) estimation relies on a Phillips curve assump-
tion that indicates when the labor force is at the potential level.

6 This assumption is valid if firms minimize costs so that the cost share reflects productivity and if there are constant 
returns to scale between individual types of capital and the aggregate index (CBO, 2001).

7 De Jong and Sakarya (2016) formally outline the statistical characteristics of the filter. Hamilton (2017) argues 
against the use of the HP filter and proposes an alternative.

8 We allow correlation across the trends of the two variables and correlation across the cycles of the two variables. 
We maintain the assumption of independence across the trend and cycle within and across variables, consistent 
with our univariate UC model. Relaxation of these assumptions is straightforward to implement (see Morley, 
Nelson, and Zivot, 2003, or Sinclair, 2009).

9 For a full discussion of advantages and disadvantages related to the CBO's production-function-based approach, 
see Arnold (2009).

10 The CBO argues that filtered growth data is “trend output” rather than “potential output” because it does not tie 
directly to stable inflation (CBO, 2004).

11 Dungey, Jacobs, and Tian (2017) find that correlated innovations are more important than structural breaks for 
potential estimation, which suggests greater consideration should be given to multivariate models incorporating 
inflation into measures of potential. 

12 Orphanides and van Norden (2002) have argued that estimates of the output gap computed in real time should 
be used cautiously. However, the policymaker does not have the luxury of knowing the magnitude of future data 
revisions: He or she must compute potential output in real time. Edge and Rudd (2016) show that the difficulty of 
estimating potential in real time may have improved in the later 2000s, after the period studied by Orphanides 
and van Norden. 

13 Graphs presenting all vintages of the various potential measures are available upon request.
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Domestic Innovation and International Technology  
Diffusion as Sources of Comparative Advantage 

Ana Maria Santacreu and Heting Zhu

1 INTRODUCTION
In the Ricardian model of trade, productivity differences across countries and industries 

determine the patterns of international trade—hence, comparative advantage (Costinot et al., 
2012). As productivity differences increase over time, comparative advantage strengthens. 
Standard models of trade take these productivity differences, and therefore comparative 
advantage forces, as given (Eaton and Kortum, 2002, and Caliendo and Parro, 2015). However, 
understanding the determinants of comparative advantage is important in analyzing welfare 
gains from trade. Recently, several articles have studied endogenous forces that may cause 
differences in productivity across countries and industries (Sampson, 2017, Somale, 2017, and 
Cai et al., 2017). In these studies, innovation and its international diffusion across countries 
and industries are the main sources of differences in productivity. Countries and industries 
differ in both their ability to do research and development (R&D) and their ability to adopt 
innovations that have been developed elsewhere (i.e., international technology diffusion). 

Productivity differences across countries determine patterns of international trade—hence, compar-
ative advantage. We use a multi-industry model of international trade to estimate a measure of indus-
try productivity. We then quantify the effect that domestic innovation and technology diffusion have 
in explaining differences in productivity across countries and industries. Consistent with standard 
growth theories, we find the following: (i) Higher-income countries benefit more from domestic inno-
vation than lower-income countries, whereas lower-income countries benefit more from technology 
diffusion; and (ii) the speed of convergence is larger for those countries and industries that are farther 
away from the technology frontier. To the extent that productivity differences determine comparative 
advantage, our findings suggest that domestic innovation and technology diffusion are endogenous 
sources of comparative advantage. (JEL F12, O33, O41, O47)
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Productivity evolves endogenously because of these two channels. Therefore, differences in 
the rate at which countries and industries innovate and adopt foreign technologies determine 
differences in relative productivity and comparative advantage.

We quantify the role of these two sources of productivity. We start by estimating industry 
productivity from a Ricardian model of trade à la Eaton and Kortum (2002). We follow the 
methodology developed by Levchenko and Zhang (2016) and adapted by Cai et al. (2017) 
and use data on bilateral trade flows for 43 countries (42 countries plus the rest of the world) 
and 20 industries to estimate a time series of industry productivity for 2000-14. We find the 
following: (i) There is a large dispersion in relative productivity at the country and industry 
level; (ii) the United States appears to be, albeit with a few exceptions, the country with the 
largest level of technology across all industries—hence, we treat it as the technology frontier; 
(iii) productivity at the country and industry level has been growing over time; but also (iv) 
not all countries and industries are converging to the technology frontier with the same inten-
sity. This has implications for comparative advantage and welfare. As countries and industries 
converge to the technology frontier, comparative advantage and the gains from trade weaken. 
Conversely, if countries and industries become more dissimilar from the technology frontier, 
comparative advantage strengthens and the welfare gains from trade are larger.

We then explore, quantitatively, the role of innovation and international technology dif-
fusion as endogenous sources of country-industry productivity and comparative advantage. 
We proceed by conducting two exercises. First, we regress the estimated annual productivity 
growth for each country-industry on a measure of domestic innovation and a measure of tech-
nology adoption at the country and industry level. We follow Proudman and Redding (2000) 
and quantify domestic innovation activity within each country-industry with data on total 
business R&D spending. To measure the potential for technology adoption, we use the gap 
in the level of technology between each country-industry in the sample and the technology 
frontier in the initial period, which in our analysis is the year 2000. We find that, when we use 
the entire sample of countries, both domestic innovation and technology adoption have a 
positive and statistically significant effect on productivity growth. We then split the sample 
of countries into lower-income and higher-income countries and conduct the same regression 
analysis on the two groups. Our findings suggest that, in lower-income countries, the effect 
of domestic innovation on productivity growth is lower than that in higher-income countries. 
In particular, a 1 percent increase in the log of R&D spending implies a 0.21 percent increase 
in productivity growth in lower-income countries and a 0.49 percent increase in productivity 
in higher-income countries. Furthermore, the relative importance of innovation with respect 
to technology adoption is larger in higher-income countries than in lower-income countries. 
In a second exercise, we compute a measure of the speed of convergence of a country-industry 
to the technology frontier. We then regress the speed of convergence on the following: (i) the 
ratio of R&D spending of that country-industry relative to the R&D spending of that industry 
in the United States (i.e., the technology frontier) and (ii) the potential for technology adop-
tion as computed in the first exercise. We find that both variables have a positive and statisti-
cally significant effect on the speed of convergence. That is, countries and industries that spend 
more in R&D relative to the United States are closer to the frontier, and countries that start 
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from a relatively more backward position converge to the technology frontier faster. This is 
consistent with standard theories of economic growth (see Grossman and Helpman, 1991a, 
Grossman and Helpman, 1991b, Rivera-Batiz and Romer, 1991, and Barro and Sala-i-Martin, 
1997). Our approach is different from those articles and focuses on productivity at the industry 
level. To derive that measure, we use information from international trade variables. Our 
results indicate that domestic innovation and international technology diffusion are key deter-
minants of country-industry productivity and, hence, endogenous sources of comparative 
advantage.

The rest of the article is organized as follows. Section 2 presents the methodology used 
to estimate relative productivity from trade data and then reports the quantitative results. 
Section 3 quantifies the role of innovation and international technology diffusion. Section 4 
concludes.

2 ESTIMATING COMPARATIVE ADVANTAGE AND RELATIVE 
PRODUCTIVITY

In this section, we describe the methodology used to estimate the relative productivity of 
a country-industry at a point in time. Differences in productivity determine the patterns of 
trade and, hence, comparative advantage. We start by obtaining an expression for bilateral 
trade shares as a function of technology level, trade costs, and production costs. This expres-
sion delivers a theoretical gravity equation. Then we estimate the gravity equation and use the 
structure of the model to obtain our measure of relative productivity. Finally, we characterize 
the patterns of our estimated productivity along the cross-section as well as in its evolution 
over time.

2.1 The Model

Our model follows closely the production and international trade structure of Caliendo 
and Parro (2015) and Cai et al. (2017). It is a general equilibrium model of trade in interme-
diate goods, with industry heterogeneity and input-output linkages. The model builds upon 
the Ricardian trade model of Eaton and Kortum (2002) with multiple industries.

There are M countries and J industries. Countries are denoted by i and n and industries 
are denoted by j and k. Labor is the only factor of production, and we assume it to be mobile 
across industries within a country but immobile across countries. In each country, there is a 
representative consumer who consumes a non-traded final good and saves. A perfectly com-
petitive final producer combines the composite output of each J industry in the domestic 
economy with a Cobb-Douglas production function. In each industry there is a producer of 
a composite good that operates under perfect competition and that sells the good to the final 
producer and to intermediate producers from all industries in that country. Intermediate 
producers are monopolistic competitive firms that use labor and composite goods of every 
other industry in that country to produce varieties that are traded and used by the composite 
producer of that industry, either domestic or foreign. These firms are heterogeneous in their 
productivity. Trade is balanced period by period.
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Final Production. Domestic final producers use the composite output from each domestic 
industry j in country n at time t, Yj

nt , to produce a non-traded final output Ynt according to 
the following Cobb-Douglas production function:

(1) Ynt = Ynt
j( )α

j

j=1

J

∏ ,

with αj  (0,1), the share of industry production on total final output, and α j
j=1
J∑ =1. 

Final producers operate under perfect competition. Their profits are given by

 ∏nt = PntYnt − Pnt
j

j=1

J

∑ Ynt
j ,

where pnt is the price of the final product and p j
nt is the price of the composite good produced 

in industry j from country n.
Under perfect competition, the price charged by the final producer to the consumers is 

equal to the marginal cost; that is,

 Pnt =
Pnt

j

α j
⎛
⎝⎜

⎞
⎠⎟

α j

j=1

J

∏ .

The demand by final producers for the industry composite good is given by

 Ynt
j =α j Pnt

Pnt
j Ynt .

Intermediate Producers. In each industry j there is a continuum of intermediate pro-
ducers indexed by ω  [0,1] that use labor, l j

nt(ω), and a composite intermediate good from 
every other industry k in the country, m jk

nt(ω), to produce a variety ω according to the following 
constant returns to scale technology1:

(2)  qnt
j ω( )= zn

j ω( ) lnt
j ω( )⎡⎣ ⎤⎦

γ j

k=1

J

∏ mnt
jk ω( )⎡⎣ ⎤⎦

γ jk

,

with γ j + γ jk

k=1

J

∑ =1. Here, γ jk is the share of materials from industry k used in the production 

of intermediate ω in industry j, and γ j is the share of value added. Firms are heterogeneous in 
their productivity z j

n(ω).
The cost of producing each intermediate good ω is

 cnt
j ω( )= cnt

j

znt
j ω( ) ,

where c j
n denotes the cost of the input bundle. We have constant returns to scale,

(3) cnt
j = ϒ jWnt

γ j
Pnt
k( )γ

jk

k=1

J

∏ ,

with ϒ j = γ jk( )−γ
jk

γ j( )−γ
j

k=1
J∏  and Wnt as the nominal wage rate.

Composite Intermediate Goods (Materials). Each industry j produces a composite good 
combining domestic and foreign varieties from that industry. Composite producers operate 
under perfect competition and buy intermediate products ω from the lowest-cost supplier.
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The production for a composite good in industry j and country n is given by the Ethier 
(1982) constant elasticity of substitution function,

(4) Qnt
j = rnt

j∫ ω( )1−1/σ dω( )σ σ −1( )
,

where σ > 0 is the elasticity of substitution across intermediate goods and r j
nt(ω) is the demand 

of intermediate goods from the lowest-cost supplier in industry j.
The demand for each intermediate good ω is given by

 rnt
j ω( )= pnt

j ω( )
Pnt

j
⎛
⎝⎜

⎞
⎠⎟

−σ

Qnt
j ,

where

(5) Pnt
j = pnt

j∫ ω( )1−σ dω( )
1

1−σ .

Composite intermediate goods are used as final goods in the final production and as 
materials for the production of the intermediate goods:

 Qnt
j =Ynt

j + mnt
kj∫

k=1

J

∑ ω( )dω .

International Trade. Trade in goods is costly. In particular, there are iceberg transport 
costs from shipping a good that is produced in industry j from country i to country n, d j

ni > 1.
Ricardian motives for trade are introduced as in Eaton and Kortum (2002) because pro-

ductivity is allowed to vary by country-industry. The productivity of producing intermediate 
good ω in country i and industry j is drawn from a Frechet distribution with parameter Ti

j 
and shape parameter θ. A higher Ti

j implies a higher average productivity of that country- 
industry, while a lower θ implies more dispersion of productivity across varieties:

 F zi
j( )= Pr Z ≤ zi

j⎡⎣ ⎤⎦ = e
−Tit

jz−θ .

Prices of goods in industry j in country n can be expressed as

(6) Pnt
j = B Φnt

j( )−1/θ
,

with B= Γ θ +1−σ
θ

⎛
⎝

⎞
⎠

⎡
⎣⎢

⎤
⎦⎥

1 1−σ( )

; and, in each country n and industry j, accumulated technology, 

Φ j
nt , can be expressed as

(7) Φnt
j = Tit

j

i=1

M

∑ dni
j cit

j( )−θ .

Here, c j
it is the unit cost of producing an intermediate good in industry j and country i. For 

prices to be well defined, we assume σ < (1 + θ).
Expenditure Shares. The probability that country i is the lowest-cost supplier of a good 

in industry j to be exported to country n is 
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(8) πni ,t
j =

Tit
j cit

jdni
j( )−θ

Φnt
j ,

where π j
ni,t is also the fraction of goods that industry j in country i sells to any industry in coun-

try n. In particular, the share that country n spends on industry j products from country i is

(9) πnit
j = Xnit

j

Xnt
j .

2.2 The Methodology: Estimating the Gravity Equation

To compute the productivity level for each country, industry, and period of time, we fol-
low exactly the procedure developed in Cai et al. (2017) and estimate gravity equations for 
each industry and each period t. We start from the trade shares in equation (9):

(10) πni
j = Xni

j

Xn
j =

Ti
j ci

jdni
j( )−θ

Φn
j .

Dividing the trade shares by their domestic counterpart as in Eaton and Kortum (2002) and 
assuming d j

nn = 1, we have

(11) πni
j

πnn
j = Xni

j

Xnn
j =

Ti
j ci

jdni
j( )−θ

Tn
j cn

j( )−θ
.

Taking logs of both sides, we have

(12) log Xni
j

Xnn
j

⎛
⎝⎜

⎞
⎠⎟
= log Ti

j ci
j( )−θ( )− log Tn

j cn
j( )−θ( )−θlog dni

j( ).

The log of the trade costs can be expressed as

(13) log dni
j( )=Dni ,k

j +Bni +CLni +COLni + exi
j +νni

j .

Following Eaton and Kortum (2002), D j
ni,k is the contribution to trade costs of the distance 

between country n and i falling into the kth interval (in miles), defined as [0, 350], [350, 750], 
[750, 1,500], [1,500, 3,000], [3,000, 6,000], [6,000, maximum]. The other control variables 
between country n and country i include common border effect Bni, common official language 
effect CLni, and colonial relationship effect COLni. We include an exporter fixed effect, ex j

i, to 
fit the patterns in both country incomes and observed price levels as shown in Waugh (2010). 
The error term is v j

ni.
Substituting (13) back into (12) results in the following gravity equation at the industry 

level:

(14) log Xni
j

Xnn
j

⎛
⎝⎜

⎞
⎠⎟
= log Ti

j ci
j( )−θ( )−θexij − log Tn

j cn
j( )−θ( )−θ Dni ,k

j +Bni
j +CLni

j +COLni
j +νni

j( ).
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Defining F̂i
j = log Ti

j ci
j( )−θ( )−θexij  and Fn

j = log Tn
j cn

j( )−θ( ), we then estimate the following 

equation using fixed effects and observables related to trade barriers, taking θ as known:

(15) log Xni
j

Xnn
j

⎛
⎝⎜

⎞
⎠⎟
= F̂i

j − Fn
j −θ Dni ,k

j +Bni
j +CLni

j +COLni
j +νni

j( ).

Using the estimates of equation (15), we can back out log(d j
ni) based on equation (13). To 

obtain the exporter fixed effect in trade cost, ex j
i, we use the importer and exporter fixed effects 

from the gravity equation (15). That is, ex j
i = (F j

i – F̂ j
i)/θ.

The productivity of industry j in country n relative to that industry in the United States, 
T j

n /T j
US, is then recovered from the estimated importer fixed effects as 

(16) Sn
j =

exp Fn
j( )

exp FUS
j( ) =

Tn
j

TUS
j

cn
j

cUS
j

⎛
⎝⎜

⎞
⎠⎟

−θ

,

in which the relative cost component can be computed by expressing (3) as

(17) cn
j

cUS
j = Wn

WUS

⎛
⎝⎜

⎞
⎠⎟

γ j

Pn
k

PUS
k

⎛
⎝⎜

⎞
⎠⎟

γ jk

k=1

J

∏ .

Using data on wages (in USD), estimates of price levels in each industry relative to that indus-
try in the United States, we can back out the relative cost. To compute the relative price of 
each industry, we combine (6), (8), and (9) and get the following expression for relative prices:

(18) Pn
j

PUS
j = Xnn

j / Xn
j

XUSUS
j / XUS

j
1
Sn
j

⎛
⎝⎜

⎞
⎠⎟

1
θ

.

The right-hand side of this expression can be estimated using the observed expenditure shares 
of domestic product in country n and in the United States, as well as the estimated importer 
fixed effects. Substituting the estimates for relative prices and wages in each country-industry 
and using the estimated S j

n, we can construct the relative productivity T j
n /T j

US based on equa-
tion (16).

We have now estimated the relative productivity in every industry for all countries with 
respect to the United States. To estimate the absolute level of productivity of country n and 
industry j, we need the U.S. productivity level in that industry. First, using Organisation for 
Economic Co-operation and Development (OECD) industry account data, we estimate empiri-
cal productivity for each U.S. industry by the Solow residual (without capital in the produc-
tion function):

(19) lnZUS
j = lnYUS

j −γ jlnLUS
j − γ jk

k=1

J

∑ lnMUS , j
jk =1,2,...,J,

where Z j
US is measured U.S. productivity in industry j, Y j

US is the output, L j
US is the labor input, 

and M jk
US is the intermediate input from industry k. Finicelli et al. (2013) show that trade and 
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competition introduce selection in the productivity level, and the relationship between empiri-
cal productivity and the level of technology T j

US in an open economy is given by

(20) TUS
j = ZUS

j( )θ 1+ Si
j

i≠US
∑ dUS ,i

j( )−θ⎡
⎣⎢

⎤
⎦⎥

−1

,

in which S j
i and d j

US,i are estimated using (16) and (13), respectively. Finally, we express all 
T j

US relative to T J
US as

(21) T̂US
j = ZUS

j

ZUS
J

⎛
⎝⎜

⎞
⎠⎟

θ

1+ Si
j

i≠US
∑ dUS ,i

j( )−θ⎡
⎣⎢

⎤
⎦⎥

−1

.

2.3 Quantitative Results

Using bilateral trade data and geography variables for a sample of 43 countries (42 coun-
tries plus the rest of the world), 20 industries, and the period 2000-14, we estimate the gravity 
regression in equation (15) for each time period and each industry.2 From the gravity regres-
sion, we first obtain estimates for exporter and importer fixed effects, S j

it and S j
nt, and the 

trade barriers, d j
ni,t. 

From our estimates of fixed effects and trade barriers, we use the equations of the model 
to back out T j

nt /T j
US,t , which is a measure of average productivity for each country n and indus-

try j relative to that same industry in the United States and can be used to analyze comparative 
advantage (see Levchenko and Zhang, 2016, and Sampson, 2017). We obtain a value of this 
measure for each period of time so that we can characterize it both in the cross-section as well 
as in its evolution over time.

We observe that the United States is the most productive country in every industry, with 
a few exceptions: For instance, Spain is more productive than the United States in the furniture 
and the food, beverages, and tobacco manufacturing industries; Norway is more productive 
in the wood and cork industry; and Luxembourg appears more productive than the United 
States in the pharmaceutical products industry. However, in 95 percent of the cases, the United 
States is the most productive country in all industries; hence, we will treat it as the technology 
frontier.

The distribution of log(T j
n ) for the years 2003 and 2012 is plotted in Figure 1. We observe 

that there is a lot of heterogeneity in productivity across countries and industries and that the 
distribution has shifted over time. Most countries and industries have experienced an increase 
in their productivity. In particular, the highest increases in average productivity are found in 
the computer, electronic, and optical products industry in China, Romania, and Indonesia. 
On the other hand, we observe decreases in average productivity in the textiles, apparel, and 
leather industry in France and in the machinery and equipment and the electrical equipment 
industries in Mexico.

The countries with the highest average productivity growth rates are Romania, Indonesia, 
and China, whereas average productivity growth rates have been decreasing in Mexico, 
Turkey, and Luxembourg (Figure 2).
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Growth Rate of Productivity, by Country

NOTE: Figure reports data for 42 countries (excluding rest of the world [ROW]), averaged across 20 industries, for 2000-14.
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Similarly, for the average country, the industries that experienced the highest average 
productivity growth rates are other transport products; chemicals; and computer, electronic, 
and optical products. In contrast, the industries that experienced the lowest average produc-
tivity growth rates are pharmaceutical products; textiles, apparel, and leather; and machinery 
and equipment n.e.c. (Figure 3).

Figure 4 shows the evolution of the average productivity (in logs) for a subsample of coun-
tries (left panel) and a subsample of industries (right panel). To compute the average produc-
tivity at the country level, we take the average across all the industries in the sample. Similarly, 
to compute the average productivity at the industry level, we take the average across all the 
countries in the sample. The left panel shows that the United States has the highest level of 
productivity, and the growth rate has been roughly constant during the period of analysis. 
Canada and the United Kingdom are very close to the United States in their levels of produc-
tivity, and we do observe some convergence, especially during the second half of the sample 
period. However, their growth rates of productivity have been very similar to those of the 
United States. China and Indonesia are lagging behind the United States, and they have experi-
enced rapid convergence to the technology frontier. Indeed, their growth rates are faster than 
those countries with productivity levels that are closer to the United States. The right panel of 
Figure 4 reports the evolution of average productivity (in logs) for four industries: computer, 
electronic, and optical products; chemicals; textiles, apparel, and leather; and paper and paper 
products. The industry with the largest average productivity is computer, electronic, and 
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NOTE: Figure reports data for 20 industries, averaged across 42 countries (excluding ROW), for 2000-14.
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optical products, and its growth rate has been the fastest over the period of analysis. Lagging 
behind are the remaining industries. Textiles, apparel, and leather and paper and paper products 
have lower levels of productivity and low growth rates. Chemicals seem to be converging 
slowly to the levels of productivity of computer, electronic, and optical products, especially 
during the second half of the sample period.

3 QUANTIFYING THE SOURCES OF COMPARATIVE ADVANTAGE: 
THE ROLE OF INNOVATION AND TECHNOLOGY DIFFUSION
3.1 Motivation

Analyzing the driving forces of productivity is important in understanding the sources 
of comparative advantage. We analyze, quantitatively, the effect that domestic innovation 
and the adoption of foreign technologies have on the growth of productivity at the country- 
industry level. The idea behind this analysis is that countries and industries that invest more 
resources in innovation can expand the technological frontier and grow (Romer, 1990). How-
ever, innovative activity is concentrated in very few, very rich countries. According to OECD 
data, the United States, South Korea, Japan, and Germany account for the majority of global 
R&D. These “leaders” are expanding the technology frontier. Countries farther behind the 
technology frontier, “followers,” can also grow by adopting technology from the leaders. 
Several economists have argued that the transfer of technology and knowledge from leader 
to follower countries is an important source of economic growth for the latter (Rosenberg, 
1983) presumably leading to productivity growth.3 Therefore, both innovation and technology 
transfer can drive productivity growth (Santacreu, 2017).
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In this section we study the role of these two sources of productivity growth in two ways. 
First, we regress the growth rate of our measure of country-industry productivity obtained 
from the gravity analysis on a measure of both domestic innovation and the potential for 
technology transfer. Second, we compute a measure of the speed of convergence of a country- 
industry to the technology frontier and regress it on the relative R&D spending of that country- 
industry with respect to that industry in the United States (i.e., the technology frontier) and 
the distance of that country-industry to the frontier.

3.2 Quantitative Results

We measure domestic innovation within each country and industry using data on total 
business R&D spending, and we measure potential technology adoption as the gap in the level 
of productivity between each country-industry and that industry in the United States in the 
initial period (year 2000). In this analysis, we narrow down our sample of countries to those 
that have available R&D data at the industry level. With respect to the previous section, we 
lose 13 countries (12 countries and the rest of the world) that do not report data on R&D at 
the industry level for the sample of analysis. These countries include Bulgaria, Brazil, Cyprus, 
Greece, Croatia, Indonesia, India, Lithuania, Luxembourg, Latvia, Malta, and Russia.

Table 1 reports the results. We find that, for the entire sample of countries (first column 
of Table 1), both domestic innovation and the distance to the technology frontier have a posi-
tive and statistically significant effect on productivity growth. In particular, a 1 percent increase 
in the log of domestic innovation in a country-industry increases its productivity growth by 
0.31 percent, and a 1 percent increase in the potential for technology adoption increases pro-
ductivity growth by 0.69 percent.

We then split the sample of countries into higher-income and lower-income countries.4 
Higher-income countries are closer to the technology frontier, and we would expect them to 
benefit more from domestic innovation than lower-income countries. Indeed, in the data, 
there is a strong positive correlation between the level of income per capita of countries and 
their investment in R&D. Lower-income countries that are farther away from the technology 

Table 1
Productivity Growth from Innovation and Diffusion

Δ logTnt
j  Full sample Lower income Higher income

 0.317*** 0.214 0.492** log R&Dnt
j

VAnt
j

⎛
⎝⎜

⎞
⎠⎟  (0.093) (0.138) (0.160)

 0.692*** 0.849*** 0.766*** log
TUS,2000

j

Tn,2000
j

⎛
⎝⎜

⎞
⎠⎟  (0.128) (0.205) (0.233)

Observations 6,581 2,901 3,125

R 2 0.006 0.007 0.008

NOTE: Standard errors are in parentheses. *p < 0.05, **p < 0.01, ***p < 0.001. Results are for 30 
countries, 20 industries, and years 2003-14.
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frontier, however, benefit more from adoption of foreign innovations, as it has been quantified 
in Santacreu (2015). We conduct the same regression analysis as before for each group of 
countries and industries. Our findings suggest that, in lower-income countries (second column 
of Table 1), the effect of domestic R&D on productivity growth is lower than that in higher- 
income countries (third column of Table 1). In particular, a 1 percent increase in the domestic 
R&D (in logs) implies a 0.21 percent increase in productivity growth in lower-income coun-
tries and a 0.49 percent increase in productivity in higher-income countries. Furthermore, the 
relative importance of innovation with respect to technology adoption is larger in higher- 
income countries than in lower-income countries. That is, when we look at the beta coefficients 
corresponding to domestic innovation and technology diffusion in the regression, we find 
that the effect of innovation is 0.93 times larger than that of technology diffusion for higher- 
income countries and 0.38 times larger for lower-income countries.

Finally, we compute a measure of the speed of convergence to the technology frontier. 
To do that, we first calculate the distance of a particular country-industry with respect to the 
same industry in the United States (i.e., the technology frontier) as

 distn
j = TUS

j

Tn
j −1 .

The growth rate of that measure represents the speed of convergence of country n and 
industry j. We then regress the speed of convergence on the ratio of R&D spending in country 
n and industry j relative to the R&D spending in 
the United States in that industry j and on our 
measure of the potential for technology adoption 
that we used before (Table 2).5 We find that those 
countries and industries that are investing more 
in R&D relative to the United States are closer 
to the technology frontier. Those countries that 
have a higher potential to adopt technologies (i.e., 
are farther away from the technology frontier) 
close the gap faster.

Our results confirm that both R&D and 
technology transfer are key determinants of 
productivity growth and convergence to the 
frontier. Hence, they are sources of comparative 
advantage.

4 CONCLUSION 
Understanding the sources of comparative advantage in a country is important in analyz-

ing welfare gains from trade liberalizations. Differences in productivity across countries and 
industries drive the patterns of international trade and comparative advantage. Hence, iden-

Table 2
Speed of Convergence from 
Innovation and Diffusion

 Speed of convergence

 2.099*** log
R&Dn,t

j

R&DUS,t
j

⎛
⎝⎜

⎞
⎠⎟  (0.379)

 9.319*** log
TUS,2000

j

Tn,2000
j

⎛
⎝⎜

⎞
⎠⎟  (0.677)

Observations 5,795

R 2 0.032

NOTE: Standard errors are in parentheses.  
*p < 0.05, **p < 0.01, ***p < 0.001. Results are for 
30 countries, 20 industries, and years 2003-14.
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tifying the sources of these differences is key to evaluating welfare. In this article, we have 
shown that domestic innovation and international technology diffusion are important sources 
of productivity growth and comparative advantage of a country.

We have implemented a methodology to determine differences in country-industry pro-
ductivity from bilateral trade data. We departed from the standard model in that we allowed 
productivity to vary over time so that our estimation procedure delivered a time series of 
country-industry productivity. We then analyzed the sources of productivity and comparative 
advantage. Our results have shown that domestic innovation and the adoption of foreign 
innovations have a positive and statistically significant effect on the growth rate of productivity 
and on the speed of convergence at the country and industry level. Therefore, innovation 
and international technology diffusion appear to be important determinants of comparative 
advantage. Our reduced-form results are consistent with structural models that have studied 
the role of innovation and technology adoption as sources of productivity growth and com-
parative advantage, such as Cai et al. (2017) and Santacreu (2015). n

APPENDIX A
Lists of Industries and Countries

Table A1
List of Industries

Sector  ISIC (Rev. 4) WIOD (RNr)

Agriculture and mining A-B 1-4
Food, beverages, and tobacco C10, C11, C12 5
Textiles, apparel, and leather C13, C14, C15 6
Wood and cork C16 7
Paper and paper products C17 8
Reproduction of recorded media C18 9
Coke and refined petroleum products C19 10
Chemicals C20 11
Pharmaceutical products C21 12
Rubber and plastic products C22 13
Other non-metallic mineral products C23 14
Basic metals C24 15
Fabricated metal products C25 16
Computer, electronic, and optical products C26 17
Electrical equipment C27 18
Machinery and equipment n.e.c. C28 19
Motor, trailers, and semi-trailers C29 20
Other transport products C30 21
Furniture C31 22
Service C32-U 23-56

NOTE: ISIC, International Standard Industrial Classification; WIOD, World Input-Output Database. 



Santacreu and Zhu

Federal Reserve Bank of St. Louis REVIEW Fourth Quarter 2018      331

Table A2
List of Countries

Country name ISO code

Australia# AUS
Austria# AUT
Belgium# BEL
Bulgaria* BGR
Brazil* BRA
Canada# CAN
Switzerland# CHE
China CHN
Cyprus* CYP
Czech Republic CZE
Germany# DEU
Denmark# DNK
Spain ESP
Estonia EST
Finland# FIN
France# FRA
United Kingdom# GBR
Greece* GRC
Croatia* HRV
Hungary HUN
Indonesia* IDN
India* IND
Ireland# IRL
Italy ITA
Japan# JPN
Korea KOR
Lithuania* LTU
Luxembourg* LUX
Latvia* LVA
Mexico MEX
Malta* MLT
Netherland# NLD
Norway# NOR
Poland POL
Portugal PRT
Romania ROU
Russia* RUS
Slovakia SVK
Slovenia SVN
Sweden# SWE
Turkey TUR
United States# USA
Rest of the World* ROW

NOTE: *Countries without available R&D expenses. 
#Higher-income countries. ISO, International 
Organization for Standardization.
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APPENDIX B
Data Sources

Bilateral Trade Shares and Value Added

• We use 2000-14 data from WIOD, released in 2016, and the GDP deflator to convert 
all data to units of constant 2016 USD. 

• We replace trade value with 0.001 if below 0.000001.
• Xj

ni is the sum across all importing intermediate industry trade values for each importer- 
exporter industry in one year.

• Xj
nn is the sum across all importing intermediate industry trade values for each country- 

industry from that country.

• We compute Xni
j

Xnn
j  and create log Xni

j

Xnn
j

⎛
⎝⎜

⎞
⎠⎟

. Xj
n = total output (“TOT”) of row country- 

industry.

• Value added: We take the value added from the WIOD dataset.
• CEPII_distances measures: We use the “CEPII” dataset, which contains geographic 

variables between country pairs.

Wages

• We use variable share-of-labor compensation in GDP (“labsh”) and total employment 
(“emp,” in millions) from Penn World Table version 9.0. We also use variable GDP 
(local currency unit), PPP conversion factor as the exchange rate, and GDP deflator 
from World Bank.

Table B1
Original Data and Sources

Variables Sources Time Units

γ j and γ jk  World input-output tables 2005 USD (current, millions)

Trade volume WIOD, release 2016 2000-14 USD (current, millions)

Labor compensation (% GDP) Number employed 2000-14 %, millions

GDP, conversion factor, deflator World Bank 2000-14 NA

Average annual wages OECD 2000-14 Constant 2016 USD

Business enterprise R&D (ANBERD) OECD 2000-14 PPP, constant 2010 USD

Industry codes Census-NAICS NA NA

Z j
US

 NBER-CES manufacturing 2000-11 NA

NOTE: WIOD, World Input-Output Database; OECD, Organisation for Economic Co-operation and Development; 
ANBERD, Analytical Business Enterprise Research and Development; PPP, purchasing power parity; NAICS, North 
American Industry Classification System; NBER-CES, National Bureau of Economic Research Manufacturing Industry 
Database. 
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• We calculate average annual wages = Labor Share * GDP
empl*1,000,000

 and then convert them 

 to USD and use the GDP deflator to convert the annual wages in units of constant 
2016 USD.

Total Factor Productivity 

• We take the variable 4-factor TFP Index, 1987 = 1.00 (“tfp4”) from the NBER-CES 
manufacturing database as Zj

US. Convert 1987 SIC industries to 2002 NAICS, then to 
2007 NAICS, then to ISIC Rev. 4, and then group to match the industries, following 
Table A1.

• Since the NBER-CES dataset only has period 2000-11, we take the compounded annual 
growth rate for each industry in the United States and generate T j

US(2012), T j
US(2013), 

and T j
US(2014) by assuming growth rate doesn’t change.

R&D

• We use business R&D spending (main activity) data (PPP USD, 2010 prices) from 
ANBERD, among 36 available countries; 30 correspond to the 42 individual countries 
from WIOD (Table A2).

• We interpolate R&D using value-added data to fill in missing values.

Calibration of γ j and γ jk 

• We use the WIOD dataset for year 2005 data.
• We remove “ROW” and “TWN” within the entire dataset. We also remove non-inter-

mediate industry-specific column variables (“final”).
• We adjust intermediate inputs of column industry j: INT = Σ each intermediate 

input – VADD – OUTPUT.
• We adjust gross production of column industry j: OUTPUT = INT + VADD.

• γ j = VADD
OUTPUT

;γ jk =1−γ j * each intm. inputs∑
INT

. We verify that γ j + γ jk

j
∑ =1.

• We set γ j = 0 and γ jk = 0 when it is a missing value due to zero “OUTPUT” value.
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NOTES
1 The notations in this article are such that every time there are two subscripts or two superscripts, the one on the 

right corresponds to the source country and the one on the left corresponds to the destination country.

2 The lists of industries and countries are reported in Appendix A. The data and the calibration of γ j and γ jk are  
documented in detail in Appendix B. Throughout our analysis we assume that θ is common across countries and 
industries and set it equal to 4, as it is standard in trade (Waugh, 2010).

3 Transfer of knowledge can occur through imported technology (Coe et al., 1997, Keller, 2004, and Santacreu, 2015) 
and multinational activity (Burstein and Monge-Naranjo, 2009, and Guadalupe et al., 2012), among other channels.

4 We take the average of 2005 GDP per capita data (USD) of our 30 sample countries, define those with higher-than- 
average GDP per capita as higher-income countries, and define the rest as lower-income countries. See Appendix A 
for details.

5 We drop those observations for which productivity is larger than in the United States (5 percent of the observations).
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Payment Systems and Privacy

Charles M. Kahn

Two opposing forces are coming to a head for central banks and payments systems 
regulators: increased awareness of and concerns about threats to privacy in payments 
systems and increased pressure to move away from cash and toward new electronic 

payments arrangements.
Concerns about privacy have grown relentlessly as data security breaches have become 

commonplace. Policymakers now fully recognize the importance of privacy considerations 
in financial infrastructure, including payments arrangements. This article contrasts the demand 
for privacy by transactors with central banks’ ability (and inability) to provide privacy, with 
particular reference to recent e-money proposals. It concludes with implications for how 
privacy may be provided in emerging payments arrangements.

DEMAND FOR PAYMENT PRIVACY
The demand for payment privacy has several distinct sources. The obvious one is the 

desire to engage in illegal transactions: cash payments for purchasing illegal drugs or to avoid 

Privacy in payments is desired not just for illegal transactions, but also for protection from malfeasance 
or negligence by counterparties or by the payments system provider itself. Proposals to abolish cash 
take inadequate account of these legitimate demands for privacy. While central banks can play a useful 
role in setting standards for payments privacy, they are unlikely to have a comparative advantage at 
providing privacy. Therefore the replacement of cash by central bank electronic money is likely to spur 
demand for alternative means of payments to solve specific privacy problems. (JEL G23, E50, E59)

Federal Reserve Bank of St. Louis Review, Fourth Quarter 2018, 100(4), pp. 337-44. 
https://doi.org/10.20955/r.2018.337-44

Charles M. Kahn is a research fellow at the Federal Reserve Bank of St. Louis; an emeritus professor in the departments of economics and finance, 
University of Illinois, Urbana-Champaign; and a visiting scholar at the Bank of Canada. This article is based on a keynote address for the conference 
“Financial Market Infrastructure Conference II: New Thinking in a New Era” at De Nederlandsche Bank, Amsterdam, June 7-8, 2017 (published as 
Kahn, 2018).

© 2018, Federal Reserve Bank of St. Louis. The views expressed in this article are those of the author(s) and do not necessarily reflect the views 
of the Federal Reserve System, the Board of Governors, the regional Federal Reserve Banks, or the Bank of Canada. Articles may be reprinted, 
reproduced, published, distributed, displayed, and transmitted in their entirety if copyright notice, author name(s), and full citation are included. 
Abstracts, synopses, and other derivative works may be made only with prior written permission of the Federal Reserve Bank of St. Louis.

Federal Reserve Bank of St. Louis REVIEW Fourth Quarter 2018      337

https://research.stlouisfed.org/econ/kahn/jp/


Kahn

338      Fourth Quarter 2018 Federal Reserve Bank of St. Louis REVIEW

tax on unreported income; bitcoin payments to ransom hijacked computers or people; offshore 
bank accounts for bribing corrupt officials. Cash is not the only method for making illegal 
transactions, but it makes these transactions easier, through either direct payment or the 
process of money laundering, where a cash stage in the series of disguising transactions 
(so-called “layering”) helps to foil attempts to trace the ultimate sources of payments.1 

If you live in a country where the classification of activities as legal or illegal is generally 
in accord with your own moral standards, then you’ll tend to favor abolition of this kind of 
privacy.2 This is a position staked out by many philosophers and political thinkers and regu-
larly by some (though not all) economists.3 And it is in line with actions taken by various 
central banks around the world to abolish large-denomination notes and otherwise discourage 
large holdings of cash. (Notable recent examples are Sweden and India.)

However, there are other sources of demand for privacy. Individuals sometimes desire 
privacy not for protection from government scrutiny, but for protection from the other party 
to the transaction. Suppose, for example, that I wish to make a transaction with a stranger 
but wish to ensure that there are no unpleasant ramifications down the road. It is not hard to 
think of examples where the information about the purchase of a good makes the individual 
vulnerable: a purchase indicating that the individual has high wealth, or a purchase that may 
be embarrassing, even if perfectly legal (certain medications, for example). More prosaically, 
making a purchase on the internet involves the revelation of identity in ways that make you 
subject to spam or harassment. In short, sometimes we want the ability to ensure that others 
cannot use the information in the history of our transactions against us. 

Demand for privacy in this respect is the everyday commercial equivalent of the desire 
for a “right to be forgotten,” a desire that is underappreciated in current economic theory. 
We recognize the importance of the ability to build reputations. We want these reputations 
to have ramifications in the future: Our good behavior and fair dealing today lead to trust in 
our actions in the future. More importantly, the fear of the consequences of a bad reputation 
is a strong, credible motivator to engage in good behavior today.4 The theory of contracting 
provides innumerable examples where long-term arrangements and contracts containing 
large numbers of contingencies can create value for the parties to those contracts. Also valuable 
are the technologies that facilitate the recording and implementing of these arrangements. 
Sophisticated insurance arrangement and complex investment projects would be impossible 
without adequate record keeping and enforcement. 

The demand for privacy is an important flip side to the story—sometimes we want our 
arrangements not to continue for the long term, but to have an end point beyond which we 
do not have to worry about further contingencies. 

In the world of payments, this is closely related to the concept of “finality”—ideally we 
want to be able to state with certainty that at some point the payment has been made, the debt 
has been expunged, and the funds are secure. But developments in law and increasing powers 
to track activities have led to more and more cases where the payment is not as final as we 
thought: clawbacks, extraterritorial rulings, new forms of product liability. Therefore we 
include clauses in these contracts that provide insurance, state what will happen in the event 
of disputes, and specify who has authority to raise objections or undo the arrangement in 



Kahn

Federal Reserve Bank of St. Louis REVIEW Fourth Quarter 2018      339

which circumstances and who has jurisdiction to make the judgment. And then comes the 
additional uncertainty about which of these clauses will be enforced by the courts and which 
overturned. 

As the problem becomes more and more complex, parties to the transaction are no longer 
able to support the lawyers’ fees necessary to uphold the arrangement. Blockchain and smart 
contracts may eventually solve the problem for parties with the ability to use them. But in the 
meanwhile, for individuals without legal and IT departments at their beck and call, it becomes 
more and more tempting to forestall the problem entirely by making it impossible for the 
transactors to find each other after the deal goes through—that is, by instituting anonymity 
in the transaction. 

The ability to make a transaction without revealing your identity is therefore useful even 
when the transaction is legal. Cash is a simple way to make that possible. Kahn, McAndrews, 
and Roberds (2005) argue that an important role of cash is its ability to protect the purchaser’s 
identity5 and therefore a system allowing cash transactions can be welfare improving. All 
that is necessary for this conclusion is the existence of a moral hazard problem linked to the 
revelation of the counterparty’s identity. So we predicted that, even while the reductions in 
costs of record keeping and increases in the speed of data transmission were expanding the 
usage of payments arrangements based on credit and deposit accounts, cash would survive. 

Of course one might hope that effective laws would provide a protection against these 
difficulties. Privacy is not necessary if there is no way for your counterpart to take advantage 
of the information he gets. But the whole point of the moral hazard problem is the inability 
(of individuals or governments) to perfectly control the “hidden actions” of others. Privacy is 
the means to deprive them of the information they need to carry out these hidden actions.

Thus there is a legitimate market for privacy of transactions. Bitcoin is in this market. 
The providers of stored value cards are in this market. To a certain extent, PayPal is in this 
market, as are the credit card companies with their tokenization programs for internet trans-
actions. And government-provided currency is also in this market. 

The third source of demand for privacy is for protection from the payments providers 
themselves. In other words, one aspect of the public’s demand for privacy is demand for secu-
rity and safety in the payments systems they use. What does security and safety mean in the 
context of payments? Simply that the information in my payments records not be exploited 
to my detriment—either by the management of the payments system itself or by an outsider 
breaking into the system. The temptation to use information arises at both the wholesale and 
retail levels of payment. Patterns of retail purchases are of value to marketers; in the wholesale 
or central counterparty context, the pattern of trades may reveal valuable, hard-earned infor-
mation about the financial assets being exchanged. 

In all financial infrastructure, the more direct concern, of course, is the possibility that 
through neglect or incompetence the operator might allow others to get at the payments infor-
mation thereby providing fraudulent access to users’ identities and to the deposits in their 
accounts. And with ready examples of breaches at all levels, the concern about this type of 
privacy is real. 
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GOVERNMENT AS PRIVACY PROVIDER? 
If the government cannot prevent the ill effects from the absence of privacy, perhaps the 

government can provide the privacy itself. So there is the question: Should government entities 
merely regulate privacy standards in privately provided payments arrangements? Or should 
the public entities (in particular, central banks) be providing privacy-protecting payments 
arrangements? 

Of course governments already provide privacy-protecting payments arrangements in 
the form of physical central bank notes. But many central banks are currently contemplating 
providing an alternative—an electronic money that would be in this market as well.

As the central bank gets out of the business of cash provision, whether by choice or by 
increasing competition from private alternatives, it is natural for central bank governors to 
consider whether it might be desirable to enter the business of e-money provision. In one 
sense, central banks already provide e-money: Central banks’ reserves on bank balance sheets 
are every bit as intangible and computerized as e-money. One key difference between some 
of the new proposals and the existing electronic arrangements lies in their inherent privacy.

Kahn and Roberds (2009) emphasize the importance of the distinction between 
arrangements that connect a transaction with the transactor’s identity and those that leave 
it anonymous. That work considers the fundamental distinction between two systems: (i) 
“account-based systems,” in which the system provides an account for each user and payments 
are made by transferring funds into or out of a user’s account once the user has been identified, 
and (ii) “token-based systems,” in which payment is effected by transferring a “thing” without 
the need to identify transactors.6 

An account-based system may offer its users anonymity relative to their counterparties 
(to a limited degree this is possible in PayPal, for example) without keeping the users anony-
mous from the system itself.

On the other hand, paper bank notes also maintain anonymity from the issuer (whether 
the issuer is a central bank or private bank). More precisely, the issuer may know the identity 
of the initial recipient of the note; but, as the note is passed hand-to-hand, no one down the 
line need know the identities, and certainly not the initial issuer. One of the cool features of 
Bitcoin is its ability to permit transactions across the internet while maintaining privacy from 
the Bitcoin system. 

In terms of this dichotomy, a user of a token-based system need not be concerned with 
the competence of the issuer to maintain the user’s privacy. Contrast this with the typical bank 
or credit card account where privacy is only as good as the ability of the bank to deliver that 
privacy. Many new proposals for central bank e-money are token-based systems, as opposed 
to the account-based reserve balances central banks already issue.

Both central banks and private institutions are capable of issuing e-money. Therefore an 
important factor in determining the desirability of an e-money arrangement is the question 
of whether the central bank or private parties have a comparative advantage in providing 
transaction privacy.

I think there are some important reasons that a central bank in the twenty-first century 
will not be an effective provider of electronic privacy services. 
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First, it’s hard to argue that the central bank will have greater technical skills in protecting 
privacy (at least in retail transactions; wholesale and infrastructure may be a closer call). The 
standard regulatory arguments for oversight of payments systems apply, however: There is 
an easy case for a regulator to be in charge of setting and harmonizing standards for privacy 
protection. 

On the issue of trustworthiness, the answer is more difficult: Payments service providers 
amass large amounts of valuable data about their customers; the temptation to misuse such 
data is huge. So it might seem that public providers could have an advantage in terms of trust. 
The only problem is that central banks are also not trusted institutions. The public has little 
understanding of what central banks do, and central banks have little experience having mem-
bers of the public as direct customers. Given this unfamiliarity and the general suspicion of 
financial institutions post-crisis, central banks are convenient bogeymen for demagogues in 
need of scapegoats, further reducing trust. 

But it is not merely a matter of perception. While private payments institutions have an 
incentive to use the information they amass, and a temptation to abuse that information, 
governments are also tempted, only for different kinds of privacy invasion. Every twist and 
turn in politics provides an opportunity to justify an examination of one or another aspect of 
individuals’ transactions. And it is not clear in the current political environment that a central 
bank or a payments authority will be any stronger at pushing back on these intrusions than 
private institutions are. 

Nor will transparency solve the problem. Paper money is transparent: The technology 
eliminates the ability of the issuer to monitor transactions, and “it is a truth universally 
acknowledged” that paper money does so. No computer technology can have this degree of 
confidence. Only an infinitesimal proportion of people on this planet can verify that computer 
code does what it advertises it does and only what it advertises. To believe that the CIA has 
imprinted paper currency with a technology enabling it to report hand-to-hand transactions 
is paranoia. To believe that spy agencies have backdoors to common computer programs is 
last week’s news. Generating trust in the privacy promises of a public payments authority’s 
new electronic money will be an extremely tall order.

PROSPECTUS
If we can’t hope for the government to be the source of privacy for the electronic replace-

ment for cash, what will the future be for privacy in payments?
As seen, the demand for privacy, like the demand for other aspects of payments services, 

is multifaceted. We should expect different types of systems to handle different kinds of privacy. 
After all, they serve different market niches. We should also expect different types of systems 
to offer different degrees of privacy protection; they are, after all, subject to differing depen-
dency on regulatory institutions and place differing values on their own long-term reputations. 

The prospect of some privacy-poor systems is not necessarily a bad thing. Privacy is not 
an absolute—attempts to maintain privacy can always be undermined by sufficient digging. 
Any household security system can be thwarted by a burglar with sufficient incentive and 
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sufficient means. The homeowner’s goal is to make it so expensive that the typical burglar 
won’t find it worth the effort. 

Transactors will in the end adopt a variety of payments media specialized to particular 
needs. And so we can expect that agents will use low-security systems when the concerns are 
insignificant and higher levels of privacy protection, despite their cost and inconvenience, 
when the stakes are sufficiently high. There is really nothing new in this sort of arrangement: 
Individuals who have felt themselves to be vulnerable have long used legal structures to main-
tain privacy in major transactions—think of real estate trusts to hide ownership. 

In fact, we should expect an increase in the number of systems that enact a marketing 
strategy that emphasizes their privacy advantages. Alarmists say privacy is disappearing. 
Cynics respond that we’ve never had privacy; it was only that the cost of thwarting privacy 
used to be high. The panic about privacy is really due to the dramatic reduction in the costs 
in recent decades of collecting and disseminating the vulnerable information. The fear Google 
arouses is not because the information wasn’t already public; it was just sufficiently difficult 
to dig it from old court records and small town newspapers that no one would bother. As these 
costs become lower and as people become more aware of the pervasiveness of the vulnerabil-
ities, more and more individuals will turn to payments technologies for privacy protection in 
specific transactions. 

In this respect, I am in awe of my college-aged daughter, who has on occasion attempted 
to explain to me the distinctions among the plethora of e-payment platforms she uses: why 
this one is most appropriate for collecting the rent from her roommates, and that one for 
certain kinds of internet shopping, and which she thinks are safe to link to her bank account 
and which not. In her mixture are both established financial institutions and upstart technol-
ogy firms. 

Finally, because of their comparative strengths, we can expect both public and private 
institutions to play a role in payments provision. All institutions, public or private, are likely 
to be untrustworthy—they are just going to be untrustworthy in different ways. Citizens are 
not really interested in an absolute guarantee of privacy; we simply want it to be sufficiently 
difficult to violate privacy that it can be done only in a publicly observed and generally agreed 
way. Using the differences in objectives of the private and public spheres becomes, it seems 
to me, a way of making this tension work for us: Public regulation with pushback by private 
providers seems to me the more hopeful formula. 

Is there still a role for government e-money? There are still possibilities: A token system 
for large-value settlement may have operational advantages when interacting with other infra-
structure. Government e-money could serve as a convenient standardized unit for filling 
prepaid cards or e-wallets. This could benefit start-up payments providers who would other-
wise have to either build a reputation to convince payees that they had the reserves needed to 
back their payments solutions or depend on established major banks to provide the backing. 
For major banks, the reputation of their funds would not be an issue, but the regulatory burden 
of anti-money laundering and know-your-customer rules would be alleviated by the ability 
to offer depositors a way to pay someone without that payment turning into an account at 
some bank. In other words, the arrangement can offer a privacy loophole in response to overly 
expensive anti-privacy regulation—a second-best to refining the regulation itself.
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CONCLUSION
Not all of the privacy provided by cash is bad, and if cash disappears we will need new 

ways of providing that privacy. Because privacy needs are different in type and degree, we 
should expect a variety of platforms to emerge for specific purposes, and we should expect 
continued competition between traditional and start-up providers. We shouldn’t expect e-cash 
to play all the privacy roles that physical cash currently plays. There will be a demand for 
systems providing counterparty anonymity, at least until the golden age of smart contracts 
arrives. While the central bank or a payments authority will need to regulate privacy protec-
tion, the use of token-based systems will help minimize dependence on the competence and 
high-mindedness of start-up payments arrangements. 

When central banks first took on the job of note issuance, they became privacy providers. 
As they try to get out of the paper money business, I think the future of central banks and 
payments authorities is no longer in privacy provision but in privacy regulation, in holding 
the ring as different payments platforms offer solutions appropriate to different niches with 
different mixes of expenses and safety, and with attention to different parts of the public’s 
demand for privacy. Taking on the role of privacy regulation will open central banks to regular 
criticism from a new, vocal constituency—but less criticism than if they tried to provide pri-
vacy services themselves. n
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NOTES
1 For an introduction, see Masciandaro, Takáts, and Unger (2007). 

2 On the other hand, if you want to hide an activity that you believe should not be illegal in the first place, you’ll 
favor this kind of privacy for yourself, since you would use it only to break “bad” laws. But you still might oppose 
this kind of privacy for other people, since they might use it to break “good” laws.

3 For example, this position was taken recently by Ken Rogoff (2016) in his celebrated book The Curse of Cash. 

4 For this reason, arrangements that facilitate individuals’ ability to build reputations are an important driver of 
economic development, and that is the reason that programs such as India’s Aadhaar ID card have such potential.

5 Our article was written partly in response to the important work of Kocherlakota (1998), who argues that money 
is primarily a record-keeping device. 

6 This distinction was first noted by Ed Green (Green, 2008), and it cleanly categorizes most historical payments 
arrangements. While modern computer systems allow a variety of intermediate cases, the dichotomy is still a useful 
simplification for this discussion.
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Effects of Credit Supply on Unemployment  
and Income Inequality

Subhayu Bandyopadhyay, Elias Dinopoulos, and Bulent Unel

INTRODUCTION
Several recent studies have documented the increasing income inequality in the United 

States as well as many other countries.1 The relevant literature has proposed several explana-
tions for the observed evolution of inequality. For instance, Piketty (2014) argues that when 
the rental of capital exceeds the growth rate of the economy, there is a tendency for income 
inequality to rise: Capital income increases at the rate of capital rental, whereas national 
income increases at the growth rate of the economy. Acemoglu and Robinson (2015) propose a 
framework with the endogenous evolution of institutions interacting with political-economy 
forces, which determines the long-run evolution of inequality; Jones and Kim (2015) highlight 
the evolution of entrepreneurial (human) capital and its interaction with the process of cre-
ative destruction as the primary force shaping top incomes.

These valuable insights apply to economies with positive growth and expanding incomes. 
In other words, the above studies investigate the forces that govern inequality during “good 

The Great Recession, which was preceded by the Financial Crisis, resulted in higher unemployment 
and income inequality. We propose a simple model where firms producing varieties face labor-market 
frictions and credit constraints. In the model, tighter credit leads to lower output, a lower number of 
vacancies, and higher directed-search unemployment. If workers are more productive at higher levels 
of firm output, then a lower credit supply increases firm capital intensity, raises income inequality by 
increasing the rental of capital relative to the wage, and has an ambiguous effect on welfare. With an 
initially high share of labor costs in total production costs, tighter credit lowers welfare. This pattern 
reverses during an expansionary phase when there is higher credit availability. (JEL D43, E24, G21, 
J31, J64, L11)
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times.” What are the forces that affect income and wealth inequality during “bad times” when 
incomes decline and unemployment rises? The Great Recession is a case in point. According 
to Perri (2013), income inequality increased during the Great Recession: Top-earner income 
declined by 4 percent, median household income declined by 9 percent, and bottom household 
income decreased by 20 percent (due to a large rise in long-term unemployed members).2 In 
addition, Haskel et al. (2012) show a few key developments since 2000: (i) U.S. corporate 
profits as a share of GDP have shown an upward trend, reaching a record 12.4 percent in 2010. 
(ii) Average income for all groups except the top 1 percent has declined continually. (iii) The 
top 1 percent of U.S. income earners, whose income depends in great part on capital earnings, 
has risen. Haskel et al. (2012) argue that these developments were in part a result of high 
unemployment and low labor earnings during the Great Recession.

The rise in income inequality and capital income as a share of GDP during the Great 
Recession raises several questions. Did the recent Financial Crisis, which generated a credit 
crunch, play any role in the rise of unemployment, reduction in aggregate output, and rise 
in capital earnings relative to wages? Under what conditions does a reduction in credit avail-
ability generate a recession and change factor prices? What are the welfare effects of a tighter 
credit supply?

The relationship between functional and personal income inequality is complex and 
depends on several factors. In addition to average labor and capital earnings, these factors 
include the role of government taxes and transfers, the distribution of physical and human 
capital, and the incidence of unemployment and saving rates across heterogeneous house-
holds.3 Analyzing formally the effects of credit availability on all these factors and their inter-
actions is beyond the scope of the present article. Instead, we formally model the nexus among 
credit availability, unemployment, and the functional distribution of income captured by the 
rental of capital relative to the wage of labor (the rental-wage ratio). The analysis identifies 
conditions under which a reduction in credit availability raises unemployment, increases the 
rental-wage ratio, and reduces welfare. Interestingly, these conditions, which apply symmet-
rically to all firms and households, include non-homothetic increasing-returns production 
technology, the elasticity of substitution between labor and capital, and a sufficiently high 
share of labor in total production costs.

We model an economy populated by a mass of symmetric firms producing similar prod-
ucts (varieties) under monopolistic competition. Each product is produced under a non- 
homothetic, increasing-returns production technology using capital and labor. We abstract 
from dynamic considerations and propose a simple static framework. We assume that, in the 
beginning of a single period, firms borrow externally from a competitive banking sector to 
finance the process of building a factory (consisting of a firm’s capital stock). The factory is 
used as collateral in the borrowing process. After the factory is built, each firm posts job vacan-
cies and completes the hiring process. Afterward, each firm pays its hired workers and pro-
duces its product using its factory as collateral. If the firm does not default, it pays back its loan 
and keeps its capital stock; if the firm does default, it does not pay back its loan and its capital 
stock goes to the bank. Labor-market frictions generate directed-search unemployment.

The main finding of the article is that tighter credit availability captured by a higher cost 
of funds or a higher probability of firm default reduces firm and aggregate output, raises the 
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rate of unemployment, and changes functional income inequality by increasing the rental- 
wage ratio. Intuitively, a tighter credit supply raises the rate at which firms borrow from banks 
and thus the marginal cost of production. Firms cut output and the number of job vacancies; 
as a result, aggregate output declines and unemployment rises.

Because capital income is the main source of very top incomes (Piketty and Saez, 2014, 
and Jones, 2015), the rise in unemployment and increase in the rental of capital worsen 
extreme inequality. In the absence of unemployment insurance, the rate of unemployment 
captures the proportion of workers with no income, whereas top income inequality measures 
the proportion of income earned by a fixed percentage of the highest income earners. One 
can construct an index of extreme inequality by simply adding the rate of unemployment to 
a measure of top income inequality.

In the presence of non-homothetic, increasing-returns production technology, changes 
in firm output affect the relative demand for labor for any given factor prices. This dependence 
is governed by the output elasticity of substitution, which captures the percentage change in 
the firm capital-labor ratio caused by a 1 percent change in firm output for any given wage 
of labor and rental of capital. Here, we focus on the case of capital-output substitutability by 
assuming that a reduction in firm output reduces labor efficiency and therefore makes hired 
workers more expensive relative to capital for any given factor prices. As a result, firms sub-
stitute capital for labor and raise their capital intensity. In other words, a credit-induced reduc-
tion in firm output reduces the demand for capital by less than the demand for labor and thus 
raises the capital-labor ratio at the firm level, the rental-wage ratio, and the share of capital in 
total production costs. In sum, non-homothetic production technology and capital-output 
substitutability will transmit the recessional effects of a lower credit supply and, thus, will reduce 
capital income less than wage income, making capital owners better off relative to workers.

The presence of labor-market frictions and the absence of insurance markets for firm 
bankruptcy imply that the welfare effects of tighter credit are in general ambiguous because 
of the second-best nature of the initial equilibrium. When the labor share in total costs is high, 
tighter credit availability reduces aggregate welfare. Recessions are welfare-reducing in this 
case. Since changes in output work through labor efficiency in the present model, the effects 
of lower output are more profound when the share of labor in total costs is high. In this case, 
lower firm output has a greater effect on average firm output and firm productivity than when 
the labor share in total costs is low.

Our article is related to the vast literature on the determinants of income and wealth 
inequality. A strand of this literature focuses on forces shaping the rental of capital and the 
wage (Stiglitz, 1969; Piketty, 2014; Piketty and Saez, 2014; and Saez and Zucman, 2016). 
Another strand studies economic mechanisms that generate a Pareto distribution of income 
and/or wealth that captures top income inequality within the context of random growth models 
(Piketty and Saez, 2003; Benhabib, Bisin, Zhu, 2011; Jones, 2015; and Jones and Kim, 2015). 
Our article complements these seminal contributions by investigating how credit availability 
affects factor prices and unemployment in the presence of credit-market imperfections and 
labor-market frictions. These factors together with government policies constitute the primary 
forces governing personal income distribution.
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Although implications of credit-market imperfections have been extensively investigated 
in many different contexts (such as growth, inequality, investment, and trade), the impact of 
credit constraints on unemployment has not received much attention. Acemoglu (2001) 
develops a model where unemployment rises because job creation stemming from techno-
logical progress is constrained by credit-market imperfections. Duygan-Bump, Levkov, and 
Montoriol-Garriga (2015) investigate the impact of the Great Recession on unemployment 
in the United States and find that sectors with high external-finance dependence are more 
likely to experience high unemployment.

This article is organized as follows. Section 2 describes the model and discusses its equi-
librium properties. The effects of credit availability are investigated in Section 3, and Section 4 
concludes.

THE MODEL
We consider an economy endowed with K units of capital and L workers. Individuals are 

identical and consume a set of differentiated products, each produced by capital and labor 
under increasing returns to scale. Each firm produces a distinct variety facing credit constraints 
and labor-market frictions. We assume that each firm lasts only one period.

In dynamic settings, firms borrow externally or use retained earnings to finance invest-
ments, augmenting their capital stock. The absence of insurance markets for firm bankruptcy 
necessitates the use of assets as collateral. The present model proposes a simple mechanism 
of credit constraints that mimics the standard dynamic framework. Specifically, we assume 
that, in the beginning of a single period, firms borrow externally from a competitive banking 
sector to finance the process of building a factory (consisting of a firm’s capital stock). The 
factory is used as collateral in the borrowing process. After the factory is built, each firm posts 
job vacancies and completes the hiring process. Afterward, each firm pays its hired workers 
and produces its product using its factory.

Each firm faces demand-based, product-specific uncertainty: With exogenous probabil-
ity δ  (0,1), there is no demand for its product, whereas with probability 1 – δ, the firm is 
able to sell its product and repay its loan. In the former case, the firm defaults and its factory 
(all capital stock) is confiscated by the bank.

Labor-market frictions generate equilibrium unemployment based on directed search. 
Finally, we assume that income transfers are used to equalize income among individuals. 
This assumption, which is used routinely in the literature on unemployment, allows us to 
abstract from unemployment-compensation issues.

Consumers

The economy is populated by a unit mass of identical households, each having a fixed 
supply of L workers. The preferences of the representative household are described by the 
following utility function over a continuum of goods indexed by j:
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(1)  U = y j

ε−1
ε dj

j∈J∫
⎡

⎣
⎢

⎤

⎦
⎥

ε
ε−1

,

where J is the set of varieties, yj is the quantity of consumed variety j, and ε > 1 is the constant 
elasticity of substitution (CES) between any two goods.

The consumer maximizes her utility subject to the usual budget constraint. The demand 
for a typical variety is given by

(2)  y j =Q
pj

P
⎡
⎣⎢

⎤
⎦⎥

−ε

,

where Q = U is the aggregate quantity, pj is the price of good j, and P is the aggregate price 
given by

(3)  P = pj
1−ε dj

j∈J∫⎡⎣
⎤
⎦

1
1−ε .

Aggregate price P is a dual price index associated with the aggregate quantity Q such that  
PQ = E, where E = ∫pj yj dj is total consumer expenditures.

Substituting Q = E/P into (2) and rearranging terms yields the following inverse market 
demand function:

(4)  pj = Ay j
−1 ε ,A≡ E1 εP ε−1( ) ε ,

which is more convenient to work with.

Production Technology

There is a continuum of firms, each producing a different variety. Firms use the same 
production technology, which exhibits internal (firm-level) economies of scale. We assume 
that firm output y is produced by the following non-homothetic CES production function:

(5)  y = ϕl( )
σ −1
σ + k

σ −1
σ

⎡

⎣
⎢

⎤

⎦
⎥

σ
σ −1

,

where l and k are labor and capital employed by the typical firm, σ is the constant capital-labor 
elasticity of substitution, and φ is a function capturing labor efficiency (productivity), which 
will be specified shortly.4 Equation (5) states that output produced depends on capital and 
labor services, with the latter measured in efficiency units. The model can be solved for any  
σ > 0; however, the case of complementarity between labor and capital leads to comparative 
static properties that are not consistent with the main features of the Great Recession. 
Therefore, we hereafter assume that capital and labor are gross substitutes (i.e., σ > 1).5

Turning to labor efficiency φ, we assume that it is a function of market size measured by 
each firm’s output, as in Dinopoulos et al. (2011). In other words, we assume that larger firms 
are more productive and exhibit higher labor productivity than smaller firms. This assump-
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tion leads to a non-homothetic, increasing-returns-to-scale production technology that fits 
naturally with the monopolistic competition market structure. Specifically, we relate labor 
efficiency to scale economies by assuming that

(6)  ϕ y( )= yθ ,

where θ  (0,1], as in Panagariya (1981). Note that (5) becomes the standard constant-
returns- to-scale CES production function when θ = 0. When θ > 0, the production technology 
exhibits “labor-saving” increasing returns: As firm output increases, labor becomes more 
efficient, leading to lower variable and average costs (as established below).

Directed-Search Unemployment

The labor market exhibits frictions leading to search unemployment. Labor-market fric-
tions can be modeled in a variety of ways. In the present article, we focus on directed-search 
unemployment. Each firm hires workers by posting and maintaining v vacancies and offering a 
firm-specific wage w. Each vacancy involves costs measured in units of capital (i.e., buildings 
and machines used in the hiring process).6 Specifically, we assume that a fixed amount of 
capital ϕ is required for each job vacancy posted. We also assume that capital used in hiring 
ϕv cannot be used in production. All workers search for jobs by directing their search to the 
firm offering the highest wage w, with each worker applying to only one firm.7 A firm posting v 
vacancies faces a measure of n applicants and hires l < n workers. The measure of hired workers 
is given by the following firm-specific Cobb-Douglas matching function:

(7)  l =mnγν1−γ ,

where m > 0 is an exogenous parameter representing matching efficiency and γ  (0,1). The 
above matching function defines the following hiring rate, which equals the probability that 
a worker finds a job:

(8)  ζ = l n =m ν n( )1−γ .

In sum, each market segment is associated with a single firm and the firm-specific hiring rate 
ζ increases with labor-market tightness (job vacancies per applicant v/n).

All workers are searching for jobs and only ζL are hired. It follows that the rate of unem-
ployment is given by

(9)  u =1−ζ ,

where the job-finding rate ζ is given by (8). 

Cost Structure

Let w– denote the expected wage (income) that each worker obtains at equilibrium. In the 
absence of unemployment, this wage would be identical to the standard wage of labor. Each 
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firm must offer a wage w no less than w–, otherwise no worker would apply for jobs that the 
firm offers. The CES utility function implies that workers are risk-neutral and thus must be 
indifferent between a wage offered by a firm and w–. In other words, all firms must offer the 
same expected wage to workers; that is, ζw = w–.8 We also assume that each worker faces a zero 
reservation wage, and thus every worker always searches for a job. Without loss of generality, 
we choose the expected wage to be the numeraire by setting w– = 1. In other words, all variables 
are measured in units of hired labor.

Substituting (8) into ζw = 1 yields ν n = mw( )−1 1−γ( ), which together with (7) yield

(10) ν =m
− 1

1−γ w
− γ

1−γ l .  

It then follows that the total cost of hiring l workers is rφm−1 1−γ( )w−γ 1−γ( )l , where r is the rental 
price of capital. In addition, firms pay each worker a wage w; as a result, the unit-labor cost 
(effective wage) is given by

(11) ŵ = w + rφm−1 1−γ( )w−γ 1−γ( ) .

The total cost of using l workers and k units of capital is C = Ŵl + rk. Each firm chooses 
the wage it offers w, the measure of workers hired l, and the amount of capital k to minimize 
the total cost C subject to producing one unit of output; that is, y = 1. This minimization prob-
lem is recursive: In the first stage, the firm minimizes the cost per hired worker Ŵ with respect 
to the offered wage w and then minimizes the total cost C with respect to l and k.

The first stage of the cost-minimization problem generates the following posted wage 
and the cost per hired worker (effective wage):

(12) w = γ b0r
1−γ m , ŵ = b0r

1−γ m ,

where b0 =φ
1−γ γ γ 1−γ( )1−γ⎡⎣ ⎤⎦. Thus, the wage posted by each firm and the minimum cost 

per worker hired increase with the rental of capital and the vacancy-capital requirement. In 
other words, labor-market frictions leading to costly job vacancies imply that the wage of labor 
and the rental of capital are positively related; that is, they are complements (as opposed to 
substitutes).

In the second stage, each firm minimizes total cost C subject to producing one unit of 
output y = 1. Because the adjusted wage Ŵ is independent of l and k, we obtain the following 
unit-cost function:

(13) c ŵ,r ,y( )= ŵ
yθ

⎛
⎝⎜

⎞
⎠⎟

1−σ

+ r1−σ
⎡

⎣
⎢
⎢

⎤

⎦
⎥
⎥

1
1−σ

.

It follows that the total cost of producing y units of output is C = c(Ŵ,r,y)y. Observe that the 
unit-cost function declines with firm output y, indicating the presence of scale economies.

Let aL and aK represent the unit labor and capital requirements of the representative 
firm. Shephard’s lemma delivers the following expressions for these unit-factor requirements:
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(14a) aL ŵ,r ,y( )= ∂c
∂ŵ

= c
ŵ

⎛
⎝

⎞
⎠

σ

yλ , λ ≡θ σ −1( )

(14b) aK ŵ,r ,y( )= ∂c
∂r

= c
r

⎛
⎝

⎞
⎠

σ

.

The production technology delivers two elasticities, which will play an important role in our 
subsequent analysis: the traditional wage elasticity of substitution σ and the output elasticity 
of substitution λ.

Dividing aK by aL yields the firm-level capital-labor ratio:

(15)  
aK z ,y( )
aL z ,y( ) = z−σ y−λ ,

where z = r/Ŵ is the relative rental (price) of capital expressed in units of labor costs. We will 
refer to z as the adjusted relative rental of capital. Substituting Ŵ from (12) into z = r/Ŵ yields

(16) z = r ŵ =mrγ b0 .

According to (16), an increase in z is associated with a rise in r, leading to an increase in 
functional (as opposed to personal) income inequality. In addition, solving (16) for r and 
using (12) yields

(17) w = b1z
1−γ( ) γ m1 γ ,

where b1 = φ 1−γ( )⎡⎣ ⎤⎦
1−γ( ) γ . Thus, the wage offered by each firm increases with the adjusted 

relative rental of capital and decreases with efficiency parameter m.
Taking logs and differentiating (15) yields the following two elasticities of substitution:

(18) 
∂ln aK aL( )

∂lnz
=σ ,

∂ln aK aL( )
∂lny

= λ .

The constant wage elasticity of substitution σ > 1 captures the percentage decline of the firm 
capital-labor ratio caused by a 1 percent increase in the adjusted relative rental of capital for 
any given amount of output. As capital becomes more expensive, firms substitute labor for 
capital, reducing their capital-labor ratio.

The constant output elasticity of substitution λ = θ(σ – 1) > 0 stems from the non- 
homothetic production technology and captures the percentage change in the firm capital-labor 
ratio caused by a 1 percent change in output for any given adjusted relative rental of capital. 
We state that production technology (5) exhibits directed scale effects in the sense that an 
increase in firm output reduces the relative demand for capital (i.e., the capital-labor ratio) 
within each firm. Note that in the present model, the output elasticity of substitution λ is 
positive and output has a similar effect as the adjusted relative rental of capital. The unit-cost 
function (13) indicates that average costs depend on the effective wage of labor Ŵ/yθ. There-
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fore, an increase in output reduces the unit labor cost without affecting the rental of capital. 
As a result, when labor becomes cheaper, the firm substitutes labor for capital, reducing its 
capital-labor ratio (for any given wage and rental rates). This is the case of output-capital 
substitutability, where an increase in output leads to a decline in the firm capital-labor ratio.

Another pivotal variable of our analysis is the capital share in total costs:

(19) s z ,y( )= raK y + rφν
cy

.

Sub stituting v from (10) with l = aLy into the above equation and using (12) and (13) yields

(20) s z ,y( )= 1+ 1−γ( ) zyθ( )σ −1

1+ zyθ( )σ −1 ,

which indicates that s decreases with z and y. Equation (20) further implies that s  [1 – γ,1] 
since zyθ ≥ 0. In other words, the assumption that capital is needed for vacancy posting 
imposes a lower bound on the share of capital in total costs s.

Firm Behavior

We are now ready to solve the firm value maximization problem. As said, firms face 
credit-market frictions and demand-based, product-specific uncertainty: With an exogenous 
probability 1 – δ, each firm is able to sell its product and repay its loan (the good state); and 
with probability δ, there is no demand for its product—leading to firm default (the bad 
state). The representative firm then chooses its output to maximize the expected firm value:

(21) E Π f = 1−δ( )⎤⎦ ⎡⎣ py + scy − 1+ i( )cy = 1−δ( )⎤⎦ ⎡⎣ py − 1+ i− s( )cy⎡⎣ ⎤⎦ ,

where p is the price given by (4), s is the capital share given by (20), c is the unit cost of pro-
duction given by (13), and i is the interest rate charged by banks (as determined below). 
According to (21), in the good state (which occurs with probability 1 – δ) the firm’s value 
equals its revenue py plus the value of the factory scy = raKy + rϕv (see equation (19)). The firm 
also repays its loan (1 + i)cy. In the bad state (which occurs with probability δ), the firm’s value 
is zero.

When maximizing expected firm value, each firm takes interest rate i as given. The 
first-order condition yields

 p 1− 1
ε

⎛
⎝

⎞
⎠ = 1+ i− s( )y ∂c

∂y
− cy ∂s

∂y
+ 1+ i− s( )c.

This condition states that each firm chooses its output such that the marginal revenue equals 
the credit-adjusted marginal cost. In addition, the assumption of free entry implies that the 
expected firm value must be zero (i.e., E Π f⎡⎣ ⎤⎦ = 0) and thus the output price charged must be 
equal to the average credit-adjusted cost (that is, p = [1 + i – s]c). Substituting this expression 
for p into the above first-order condition yields
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(22) 1
ε
= − y

c
∂c
∂y

+ y
1+ i− s

∂s
∂y

.

Differentiating c from (13) and s from (20) with respect to y leads to

 ∂c
∂y

= − cθ 1− s( )
γ y

, ∂s
∂y

= −
θ σ −1( ) γ + s−1( ) 1− s( )

γ y
,

where we use zyθ( )σ −1
1+ zyθ( )σ −1⎡⎣ ⎤⎦ = 1− s( ) γ  from equation (20). Substituting these expres-

sions into (22) and rearranging the terms yields

(23) γ
θε 1− s( ) =1−

σ −1( ) γ + s−1( )
1+ i− s

,

where s is the capital share in the total costs.

Bank Behavior

A competitive banking sector supplies credit to firms.9 The representative bank borrows 
funds at an exogenous interest rate ρ and lends to firms at interest rate i. Recall that with proba-
bility 1 – δ  a firm repays its loan and the bank collects (1 + i)cy, whereas with probability δ 
the firm defaults and the bank collects collateral scy. The bank incurs a total cost of (1 + ρ)cy 
to obtain the necessary funds for each loan. Accordingly, the expected profit of a typical bank 
is given by

(24) E Πb⎡⎣ ⎤⎦ = 1−δ( ) 1+ i( )cy +δ scy − 1+ ρ( )cy.
Perfect competition among banks drives expected profits down to zero; that is, E Πb[ ]= 0. 

Using this property in equation (24), we obtain the following expression for the interest rate 
charged by banks:

(25) i = ρ
1−δ

+ δ 1− s( )
1−δ

.

Equation (25) implies that i > ρ, because δ < 1 and s < 1. The interest rate i increases with the 
cost of funds ρ and declines with the probability of survival 1 – δ and the share of costs used 
as collateral s. In other words, the use of collateral reduces the interest rate on firm loans.

Factor Markets

Let M denote the ex ante measure of firms in equilibrium. The labor-market equilibrium 
requires that the demand for hired workers equals the measure of workers who find jobs 
(employed workers). The demand for workers equals aLyM and the supply of employed 
workers is given by ζL, where the probability of finding a job is equal to the inverse of the 
wage offer; that is, ζ = 1/w. Thus, the labor-market equilibrium condition is
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(26) aL yM = L w ,

where aL is given by (14a) and the posted wage w is given by (17).
The demand for capital consists of capital devoted to output production and capital used 

in the hiring process. The former equals aKyM and the latter equals ϕvM. Using v from (10) 
with l = aL y, we obtain the following full-employment condition for capital:

(27) aK yM +φaL yMm−1 1−γ( )w−γ 1−γ( ) = K ,

where the unit-capital requirements aL  and aK are given by equations (14a) and (14b), respec-
tively, and K is the economy’s capital endowment. This completes the description of our model.

Equilibrium Analysis

This section analyzes the properties of the equilibrium. The first step is to determine the 
equilibrium value of the capital share in total costs. Substituting the interest rate i from (25) 
into (23) leads to the following elasticity condition:

(28) γ
θε 1− s( ) =1−

1−δ( ) σ −1( ) γ + s−1( )
1+ ρ − s

.

An economically meaningful solution is obtained under the parameter restriction θε > 1, and 
thus we hereafter assume that θε > 1.10 Parameter ε > 1 represents the CES between varieties, 
and parameter θ > 0 indicates the constant elasticity of labor efficiency with respect to firm 
output. The left-hand side (LHS) of elasticity condition (28) is a convex, increasing function 
of s starting at 1/ε (where s = 1 – γ) and approaching infinity (as s → 1). The right-hand side 
(RHS) of equation (28) is a concave, decreasing function of s starting at 1 and reaching the 
value of 1 – (1 – δ)(σ – 1)γ/ρ at s = 1. It then follows that the two curves defined by the LHS and 
RHS of (28) intersect only once. The unique intersection determines the general-equilibrium 
value of s.

Lemma 1. There exists a unique value of the capital share in total costs s  (1 – γ, 1) that satis-
fies elasticity condition (28).

Once the equilibrium value of the capital share in total costs is determined, one can solve for 
other endogenous variables as well. Dividing (27) by (26) and substituting aK /aL from (15) 
into the resulting expression and using (17) yields

 zyθ( )1−σ +1−γ = b1 z m( )1/γ K L .

Note that equation (20) implies zyθ( )1−σ = γ 1− s( )−1, and substituting this into the above 
equation yields the following equilibrium value for the adjusted relative rental of capital:

(29) z ≡ r
ŵ
=m 1−γ

φ
⎛
⎝⎜

⎞
⎠⎟

1−γ
s

1− s
⎛
⎝

⎞
⎠

γ γ L
K

⎛
⎝

⎞
⎠

γ

.
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This condition indicates that a higher relative supply of capital (captured by a higher K/L) puts 
downward pressure on the relative rental of capital and a higher relative demand for capital 
(captured by a higher s) exerts upward pressure on the adjusted relative price of capital z.

Observe that the offered wage w is an increasing function of the adjusted relative rental 
of capital z, as given by (17). In addition, determination of z leads to the determination of the 
rental of capital r and the hiring cost per worker Ŵ based on (16). Output per firm y depends on 
the share of capital in total costs as well. Solving (20) for zyθ and substituting z from (29) yields

(30) y =m
−1
θ φ

1−γ
⎡

⎣
⎢

⎤

⎦
⎥

1−γ
γ θ 1− s( )K

sγ L
⎡

⎣
⎢

⎤

⎦
⎥

γ
θ 1− s

s+γ −1
⎡

⎣
⎢

⎤

⎦
⎥

1
θ σ −1( )

,

which indicates that, as the share of capital in total costs rises, output per firm must fall (since  
σ > 1). We can also determine the total output Y = (1 – δ)My, where M is the number of goods 
produced in equilibrium. Equation (26) implies that Y = (1 – δ)My = (1 – δ)L/(aLw). Using 
equations (13), (14a), (17), and (20) yields

 aLw =
s s+γ −1( )1 σ −1( ) L

γ 1 σ −1( )K
.

It then follows that the total output Y is given by

(31) Y =
1−δ( )γ 1 σ −1( )K
s s+γ −1( )1 σ −1( ) .

The total output is independent of the total labor supply L. It increases with aggregate capital 
stock K and decreases with the share of capital s.

The rate of unemployment depends on the adjusted relative rental of capital and is calcu-
lated as follows. As said, all workers L are searching for jobs, but only ζL obtain jobs, where  
ζ = 1/w is the job-finding rate and w is the wage offer given by (17). As a result, the rate of 
unemployment is

(32) u =1−ζ =1−
1−γ( )m

1
1−γ

φz

⎡

⎣

⎢
⎢
⎢

⎤

⎦

⎥
⎥
⎥

1−γ( )
γ

.

This equation states that unemployment and income inequality measured by the adjusted 
relative rental of capital are positively related to each other. One may interpret unemployment 
as the lower bound of extreme inequality—the percentage of individuals with zero income. 
Furthermore, one can interpret the adjusted relative rental of capital z as another source of 
extreme inequality: An increase in z raises the rental-wage ratio r/w, benefiting capital owners.11 
Since capital income is the main source of top income inequality (Piketty and Saez, 2014, and 
Jones, 2015), our model implies that an increase in the adjusted relative rental of capital 
raises extreme income inequality.

Finally, we calculate aggregate welfare. To this end, note that utility function (1) can be 
written as
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 U = 1−δ( )My
ε−1
ε

⎛

⎝⎜
⎞

⎠⎟

ε
ε−1

= Yy
−1
ε

⎛

⎝⎜
⎞

⎠⎟

ε
ε−1

,

and substituting y and Y from equations (30) and (31) into the above equation and ignoring 
the constant yields the following indirect utility function:

(33) V =
1−δ( )m

1
θεK

1− γ
θεL

γ
θε

s
θε−γ
θε ( s+γ −1)

θε−1
ελ (1− s )

1+γ σ −1( )
ελ

⎡

⎣

⎢
⎢
⎢

⎤

⎦

⎥
⎥
⎥

ε
ε−1

,

where λ = θ(σ – 1). Note that V → ∞ as s → 1 – γ or s → 1. In addition, taking the derivative 
of V with respect to s yields

 1
V
dV
ds

= − θε −γ
θ ε −1( )s −

θε −1
λ s+γ −1( ) +

1+γ σ −1( )
λ ε −1( ) 1− s( ) .

Note that dV/ds < 0 (dV/ds > 0) as the capital share s gets smaller (larger). It then follows that 
V is a U-shaped function of s. Solving dV/ds = 0, one can easily find the capital share sm at 
which welfare attains its minimum. Our simulation analysis based on a wide range of param-
eter values suggests that sm is substantially high (usually above 0.5).12

Lemma 2. Aggregate welfare V(s) is a U-shaped function of the capital share s.

CHANGES IN CREDIT CONDITIONS
We are now ready to analyze the effects of tighter credit availability. This is naturally cap-

tured by larger costs of external funds ρ and/or a higher rate of default δ. When the output elas-
ticity of substitution is positive (that is, λ = θ(σ – 1) > 0), a decline in firm output increases the 
relative demand for capital within each firm. At the initial equilibrium value of s, an increase 
in ρ or a decline in δ raises the RHS of the elasticity condition (28). To restore the LHS of this 
condition, the equilibrium capital share in total costs must increase. Equation (23) implies a 
positive relationship between the interest rate i and the share of capital in total costs s. As a 
result, tighter credit availability raises the interest rate banks charge to firms. Equations (29) 
and (30) imply that tighter credit availability raises the adjusted relative rental of capital z and 
reduces firm output y. Finally, equation (32) implies that an increase in z raises the rate of 
unemployment u. The following proposition summarizes these findings.

Proposition 1. Tighter credit availability captured by a higher cost of funds ρ or higher proba-
bility of firm default δ

• raises the share of capital in total costs of production s;
• raises the interest rate charged by banks on firm loans i;
• affects functional income inequality by raising the adjusted relative rental of capital z;
• reduces the output of each firm y and the aggregate output Y;
• and increases the rate of unemployment u.
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Intuition behind these results is as follows. The zero profit condition (25) requires that a 
rise in the cost of credit (rise in ρ) or an increase in the probability of default (rise in δ) must be 
covered by raising the interest rate i at which banks lend to firms. In response to higher interest 
payments, each firm reduces output produced. The assumption that the output elasticity of sub-
stitution is positive (i.e., λ > 0) implies that a reduction in firm output reduces firm demand for 
labor more than firm demand for capital, leading to an increase in firm capital intensity. At the 
aggregate level, this raises the relative demand for capital and, for a given factor abundance, 
raises the relative rental of capital z as well as the absolute rental of capital r (see equation (16)).

The rise in the relative demand for capital increases the capital share in production costs s. 
This leads to a decline in aggregate output according to equation (31). In other words, a rise 
in costs raises the labor cost per unit of output aLw and requires a reduction in aggregate out-
put Y = (1 – δ)My according to the labor-market equilibrium condition (26). The latter also 
implies that tougher credit conditions raise the mass of firms M. However, the reduction in 
output per firm dominates the increase in the mass of firms, leading to a reduction in aggre-
gate output.

The rise in the adjusted relative rental of capital z induces each firm to offer a higher 
wage w, as indicated by equation (17), leading to a reduction in the hiring rate ζ = 1/w and an 
increase in the rate of unemployment u = 1 – ζ. Another way to reveal the mechanism relating 
lower credit availability to the rate of unemployment is as follows. Equation (10) indicates 
that each firm faces a trade off between maintaining vacancies v and the wage posted w when 
considering whether to hire a worker. A rise in r makes posting vacancies more expensive 
because of the associated capital costs. This tilts the balance in favor of a higher w (see equa-
tion (12)). As firms post higher wages, they reduce the number of vacancies v and keep the 
expected wage ζw constant at unity. As vacancies fall, ζ must fall, as indicated by (8), which 
means that the rate of unemployment u = 1 – ζ must rise.

Next, we analyze how an increase in the cost of external funds ρ and/or default rate δ 
affects welfare. In general, the presence of labor-market frictions, monopolistic competition, 
and collateral requirements generates a second-best market environment. This means that 
changes in credit conditions affect welfare through (i) changes in consumed varieties, which 
is captured by the elasticity of substitution in consumption ε, and (ii) changes in income stem-
ming from distorted factor prices, which is captured by the output elasticity of substitution 
λ. Specifically, the impact of tougher credit conditions on welfare depends on ελ. Assuming 
that the initial capital share s is not high and thus the unit labor cost is low and aggregate 
output is high, an increase in ρ or δ decreases aggregate welfare.

Proposition 2. Tighter credit availability captured by a higher cost of funds ρ or higher proba-
bility of firm default δ reduces aggregate welfare if the capital share in total costs is sufficiently 
small.

Another way to see how tighter credit conditions affect welfare is as follows. Recall from 
the previous section that the direct utility function can be written as

 U = Yy
−1
ε

⎛

⎝⎜
⎞

⎠⎟

ε
ε−1

.
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As discussed earlier, tighter credit conditions decrease both firm output y and aggregate output 
Y and, as a result, tighter credit has an ambiguous effect on welfare. When the capital share 
in total costs is not too high, the reduction in the aggregate output Y dominates the increase 
in y–1/ε (caused by a reduction in y), leading to lower aggregate welfare. Intuitively, firm output 
affects welfare mainly through labor efficiency by augmenting effective labor units and reduc-
ing average production costs. When the share of capital in total costs is not too large (and thus 
the share of labor is high), output has a more profound effect on firm productivity measured 
by average production costs. In this case, a reduction in firm output has a higher impact on 
welfare, leading welfare to decline as firms substitute capital for labor and increase their capital 
intensity. In contrast, when the share of capital in total costs is high, firm productivity is not 
affected as much by changes in output and welfare increases with lower output (and higher 
firm capital intensity).

CONCLUSION
Some of the greatest challenges facing the U.S. economy are sluggish wage growth and 

widening income and wealth inequality. In this article, we present a simple model showing 
that credit-market frictions can be a catalyst to widening extreme inequality by affecting cap-
ital income, wages, and the rate of unemployment. In our model, monopolistically competi-
tive firms face credit-market imperfections when financing production costs. Credit-market 
frictions stem from the inability of firms to buy default insurance. In addition, firms use a 
non-homothetic increasing-returns production technology, where workers are more pro-
ductive at higher firm output. This technology translates changes in firm output into changes 
in factor prices. Finally, labor markets exhibit frictions stemming from job search and match-
ing. Thus, our model presents a unified general-equilibrium framework to address income 
inequality and unemployment in the presence of credit-market imperfections.

Consistent with what we observed during the Great Recession (which was caused by the 
tightening of credit-market conditions as a result of the Financial Crisis), our model predicts 
that a tighter credit supply widens the gap between wage earners and capital owners, raises the 
rate of unemployment, and reduces firm-level and aggregate output. When workers are less 
productive at lower firm output, effective labor costs increase as output declines. With a pos-
itive output elasticity of substitution, this leads to substitution toward more capital-intensive 
techniques and a rise in the share of capital in total costs. The increased relative demand for 
capital raises the rental of capital and thereby widens the gap between labor and capital earn-
ings. Furthermore, as firms substitute labor with capital, the economy experiences a higher 
rate of unemployment. When the share of labor in total costs is sufficiently high, a tighter 
credit supply reduces welfare as well. However, as the economy recovers, this process is 
reversed. As credit conditions improve and output rises, the gap between capital and labor 
earnings narrows, as seems to be the case in the more recent data.

The proposed framework can be generalized along several dimensions. By adding an 
explicit distribution of capital among individuals, the model can offer insights on how credit 
availability affects within-group (as opposed to between-group) inequality, especially for top 
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income earners. The assumption of symmetric firms can be replaced with heterogeneous firms 
as in Melitz (2003) or Dinopoulos and Unel (2017), where heterogeneous firm profits can 
constitute another source of personal income inequality. Finally, recent studies (for instance, 
Foley and Manova, 2015; Dinopoulos, Kalivitis, and Katsimi, 2017; and Unel, 2018) have 
shown that credit constraints can substantially affect firm productivity, price elasticities, and 
trade patterns. Consequently, relaxing the closed-economy assumption is an important 
extension. n

NOTES
1 Piketty and Saez (2003) and Kopczuk (2015) among many others have documented the long-run evolution of top 

incomes and wealth in the United States. Haskel et al. (2012) show that, since 2000, average incomes of all groups 
in the U.S. income distribution have declined except the top 1 percent. Jones and Kim (2015) present evidence of 
increasing income inequality in several advanced and developing countries.

2 Using household survey data for six advanced countries, including the United States, for a 20-year period, Maestri 
and Roventini (2012) argue that inequality in hours of work and market income is in general countercyclical, imply-
ing that recessions are associated with greater income inequality. In addition, they find that the impact of business 
cycles on disposable income depends on country-specific tax and transfer systems.

3 During the Great Recession, low-income households experienced a higher incidence of unemployment (Perri 
2013, and Hoynes, Miller, and Shaller, 2012). In addition, government taxes and transfers reduced the impact of 
the Financial Crisis on disposable-income inequality. Moreover, the Financial Crisis had an asymmetric effect on 
asset prices: Stock prices rose after 2009, whereas the housing market remained stagnant at least until 2011, con-
tributing to higher wealth (and capital income) inequality during the Great Recession. Finally, households with 
low incomes and wealth increased their saving rates more than households with high incomes and wealth (Krueger, 
Mitman, and Perri, 2016).

4 Variants of the above CES production function have been widely used in the literature on wage inequality. See, 
for example, Krusell et al. (2000); Acemoglu (2002); and Unel (2010) among many others.

5 This assumption is consistent with several recent studies, which argue that higher capital intensity and a reduced 
labor share can only be reconciled by σ > 1 (Elsby, Hobijn, and Sahin, 2013; Karabarbounis and Neiman, 2014; and 
Piketty and Zucman, 2014). Piketty and Zucman (2014), for example, argue that this elasticity must be between 
1.3 and 1.6 to be consistent with observed income-inequality patterns in the United States and Europe. It should 
be stated, though, that there is a large literature that estimates the elasticity of substitution between capital and 
labor from a production or cost function, and estimates are usually less than 1 (Lawrence, 2015). However, these 
studies suffer from problems related to omitted-variable bias and reverse causality.

6 Although in practice worker hiring processes require labor, our assumption captures in an extreme fashion that 
labor hiring is a capital-intensive activity.

7 Directed-search unemployment is consistent with evidence provided by Hall and Krueger (2012). They surveyed 
a sample of U.S. firms and found that about one-third of workers had a take-it-or-leave-it wage offer. They also 
found that bargaining is more common among educated workers and about one-third of workers had bargained 
over pay before they were hired.

8 In our model, symmetric firms and their relation with workers last only one period. Consequently, there is no pos-
sibility of on-the-job search and renegotiation of wages, as more general wage-posting models assume (Mortensen, 
2003). Without on-the-job search and dynamic interaction between firms and workers, there will be no wage  
dispersion.

9 Feenstra, Li, and Yu (2011) assume that credit is supplied by a single bank behaving as a monopolist, which 
addresses incomplete-information considerations. In contrast, we assume that credit is provided under complete 
information.

10 Note that θ = 1 is sufficient for θε > 1, since ε > 1. In other words, we analyze the case where firms face sufficiently 
large increasing returns to scale.
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11 Equations (16) and (17) imply that r /w = z/γ > 0.

12 Solving dV/ds = 0 yields sm as a highly complicated function of model parameters, and thus simulation analysis is 
more informative about its value.
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