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CHAPTER I

NOISY INFORMATION IN AN INTERNATIONAL REAL BUSINESS CYCLE MODEL

Introduction

Standard international real business cycle (IRBC) models formulated by Backus,
Kehoe, and Kydland (BKK, 1992, 1995) have been considered a natural starting point to
assess the quantitative implications of dynamic stochastic general equilibrium (DSGE) mod-
els in an open economy environment. Since the standard IRBC model under assumptions
of flexible prices and perfect competition cannot replicate all the observed characteristics
of international business cycles, a number of extended models with more realistic features
have been developed in the past two decades. Most importantly, incorporating monopolis-
tic competition and sticky prices, along with the monetary sector in open economy DSGE
models has been proven to be very successful in matching the data. In contrast to a large
interest in the role of nominal rigidities, however, few studies have attempted to formally
assess the quantitative implications of introducing informational frictions in the model.
In this paper, we introduce a noisy information structure in an otherwise standard IRBC
model and show that an extension in this direction is also useful in understanding some key
features of international comovements of output, consumption, and labor.

We consider an imperfect information variant of a standard two-country bond-
economy IRBC model similar to the one used in Baxter and Crucini (1995) and Heathcote
and Perri (2002), except that we exclude capital accumulation from the model. While we
believe that an open economy DSGE model with nominal rigidities is more realistic, we
maintain the assumptions of perfect competition and flexible prices in this paper simply

because they provide a reasonable benchmark in evaluating the pure effect of imperfect



information on the international business cycle properties. In terms of explaining the in-
ternational comovement, the original BKK model predicts negative (or near-zero) output
correlation, near-perfect consumption correlation, and negative correlation of factors of pro-
duction, all of which contradict the data. To improve the performance of the model, Baxter
and Crucini (1995) and Kollman (1996) replaced the complete market assumption of the
BKK model with the incomplete market assumption, so that consumers only have access
to a real bond market. A convenient approach to ensure a unique stationary solution to an
open economy model of incomplete market is to impose a (small) real cost of bond holding
(see Heathcote and Perri, 2002, and Schmitt-Grohe and Uribe, 2003). According to the
simulation results reported by Boileau and Normandin (2008, Table 1), under the station-
ary technology process with positive international spillovers, an incomplete market model
with a tiny bond holding cost can yield positive international output correlation, but its
magnitude is still less than the data.! As in the original BKK model, we focus on station-
ary technology shocks with international spillovers as a source of aggregate fluctuations.
However, domestic firms are assumed to observe the current foreign technology with noise.
We first show that when the information noise is sufficiently large, the model can match
the positive output comovement in the data not only for the case of incomplete market but
also for the case of perfect international risk sharing.

Even in the case of incomplete market where international consumption risk shar-
ing is restricted, the standard IRBC models with stationary technology shocks are known
to predict international consumption correlation higher than the international output cor-
relation (see Boileau and Normandin, 2008, Table 1). The data, however, typically suggest
that the former is lower than the latter (see Ambler, Cardia, and Zimmermann, 2004).
To narrow the gap between output correlation and consumption correlation predicted by

the model, several different channels have been emphasized in the literature. For example,

!Baxter and Crucini (1995) emphasized the better performance of the bond economy model when the
technology is highly persistent and there is no international spillover.



the proposed channels include nontraded goods (Stockman and Tesar, 1995), endogenous
incomplete market with limited enforcement (Kehoe and Perri, 2002), sticky prices (Chari,
Kehoe, and McGrattan, 2002) and variable capital utilization (Baxter and Farr, 2005). In
this paper, we highlight the information channel and show that the presence of a noisy
information structure in the household sector helps to fill the gap between the cross country
output correlation and consumption correlation.

In the recent global financial crisis of 2007-2009, employment and hours worked
declined both in the US and Euro area. Such a positive comovement is not predicted
by the standard IRBC models but can be generated in our imperfect information variant
of the model. Furthermore, since the labor declined more in the US than in the Euro
area, observed labor productivity increased in the US, which contrasts to the Euro area
where near-zero or negative productivity growth was observed. The empirical observation
of near-zero (or negative) correlation between productivity and hours worked has been
viewed as a productivity-hours anomaly in the macroeconomic literature, since the standard
real business cycle models predict positive response of hours worked to positive technology
shocks, provided an upward sloping labor supply curve (see for example, Gali, 1999, and
Christiano, Eichenbaum, and Vigfusson, 2003). To explain the negative productivity-hours
correlation, Gali (1999) emphasizes the role of monetary policy shocks and sticky prices. In
this paper, we show that negative productivity-hours correlation can also be predicted from
the noisy information structure even if prices are flexible and that heterogenous observations
in two regions can be obtained if the fraction of information-constrained consumers differs
across regions.

We note that there are other studies that emphasize the role of imperfect in-
formation structures in open economy macroeconomic models. For example, Gourinchas
and Tornell (2004) discuss distorted beliefs of investors, while Bacchetta and van Wincoop

(2006) and Crucini, Shintani, and Tsuruga (2010), respectively, introduce the heterogenous



information and sticky information structures in open economy monetary models. However,
these studies mainly focus on explaining nominal and real exchange rate dynamics rather
than the international comovement of real variables. Luo, Nie, and Young (2010) introduce
the rational inattention to an intertemporal current account model. However, since the
intertemporal current account model is a small open partial equilibrium model, it is not
suitable for understanding cross-country correlations. In our paper, we introduce a noisy
information structure in a two-country economy general equilibrium model with direct im-
plications on cross-country comovements. OQur approach is similar in spirit to Angeletos and
La’0O (2009), who introduce an imperfect common knowledge structure in a close-economy
real business cycle model and show that the model can induce a negative short-run response
of employment to productivity shocks. Unlike their model where heterogenous information
across firms plays an important role, we assume homogeneous information across firms but
only allow heterogenous information between countries. Even with such a simple informa-
tion structure, the model still has rich implications on international business cycle features.

The remainder of the paper is organized as follows. Our two-country model with
noisy information is introduced in Section 2. Section 3 discusses the implications of our
model on output, consumption and labor in order. Section 4 extends the baseline model

with capital accumulation. Section 5 concludes.

Model

Our baseline international real business model is a simplified version of the two-
country bond-economy model of Baxter and Crucini (1995) from which we have eliminated
capital accumulation. We introduce information noise to both firms and households in

the baseline model and compare it with the case of perfect information. Foreign country



variables are denoted by stars.

Firms

Firms in the domestic country produce the same final good as firms in the foreign
country. Labor is internationally immobile but the labor market is competitive. Firms

produce the output using a diminishing-returns-to-scale technology
Y, = AN/ (L1)
t = A dVy

where Y;(Y;") is the output in the home (foreign) country, A;(Aj) is the technology level
in the home (foreign) country, Ny(N;) is labor employed in the home (foreign) country,
and 0 € (0,1). Domestic and foreign firms maximize expected value of their profits, IT; =
PY; —w¢N; and I} = P,Y," —wj N/, respectively, where common price P; of the final goods
in two countries is normalized to one and wy(w;) is the wage rate in the domestic (foreign)
country. We assume firms in a country are owned by the residents of the same country so
that the profits II; and II} are given to consumers in corresponding countries?. Technology

follows the VAR(1) model given by

log A, p v log A;—1 €t
= + (1.2)

log A} v op log A}, €
where v(> 0) represents technology spillovers, and e, ef ~ N(0,1/k,) and corr(e, €f) = 1.
Domestic firms know their own level of technology, but receive a signal (with noise) for the

technology level of firms in the foreign country. The signals received by home and foreign

firms at the beginning of each period ¢ are respectively given by

xy = log A} + vy

ZHere we exclude the possiblity of cross-border ownerships of firms.



and
x; =log Ay + vy

where v, v} ~ N(0,1/k;).

Households

Each country consists of two types of consumers. The first type (type 1) decides
the consumption level based on the same information set as the firms located in the same
country. The fraction of the type 1 consumers in the home (foreign) country is represented
by k(k*). The remaining consumers choose their consumption level after the information on
the foreign technology level is revealed. Households consume the final products and supply
labor to firms located in the same country. Each type of consumer in the home country

maximizes the expected value of the discounted sum of utility given by

SopG _ M
pae 1—v 1+4c¢€
conditional on the information available at the decision timing, where C;; and N; are
consumption and labor supply of type i (i = 1,2) consumers, (> 0) is the reciprocal of the
intertemporal elasticity of substitution or relative risk aversion, (> 0) is the reciprocal of
the Frisch elasticity of labor supply, and S is the discount factor. The international asset

market is restricted to trade only non-contingent bonds. The household budget constraint

is given by

T
Cit + QBigy1 + §Bi2t+1 <II; + weNy + By

where Bj; is bonds held by the type i consumers, Q; (= (1 +7¢)~!) is the price of bonds

in units of good, r; is the world interest rate, and (7/2)B2 41 s a quadratic holding cost of



bonds with 7 being a small positive value. The household maximization problem is similarly
defined for foreign consumers with preferences identical to domestic consumers.

For the timing of decisions made by firms and households, we follow the setting
of Angeletos and La’O (2009) and consider each period in two stages. At the beginning
of each time period (stage 1), firms and labor representatives of households meet and de-
cide the production level based on the information set {log A, z;} U €—1. All households
make labor supply decisions at this stage. The type 1 consumers, k fraction of house-
holds, also determine their consumption level (which cannot be adjusted in the next stage).
Firms produce final goods. Then, at the end of each time period (stage 2), information
on foreign productivity is revealed. The type 2 consumers, the remaining 1 — k fraction of
households, make their consumption-saving decisions based on the updated information set
Q = {log A¢,log A}, xy, 27} U Q1. The interest rate level and the real wage rate level are
determined where the bond market and the labor market clear. Countries export or import
goods in the world market.

Reis (2006) built a microfoundation of inattentive consumers, who update their
information sporadically. Mankiw and Reis (2006) further considered the role of inattentive
consumers in a general equilibrium framework. In our model, type 1 consumers play a role
similar to that of inattentive consumers (planner) considered in Mankiw and Reis (2006),
except that we allow our consumers to observe a signal. The presence of type 2 consumers,
who make their consumption decision after all the information is revealed, is essential in
closing our model so that K = 1 case is excluded in the analysis. The timing of the decision
made by type 2 consumers is important in avoiding strategic responses by firms and type 1
consumers. In the beginning of each period, neither firms nor type 1 consumers can observe
prices to extract the information about the state of the economy. Since there is no strategic
responses by firms, they make their production decisions based on their expected value of

the price, conditional on their restricted information set. Likewise, type 1 consumers make



their saving-borrowing decisions based on their conditional expectation of the interest rate.

Equilibrium
Labor is internationally immobile so that the labor market clearing condition for

each country is respectively given by
Ni = kN + (1 — k)Ny;

and
N} = Kk"Ny, + (1 — K*)N3,

Trade across countries is allowed so that the world goods-market clearing condition (resource

constraint) is given by
Vim Gt ¥y =0 = B = i - S - S g o
where
Cy = kCi + (1 — k)Cyy
and
Ci = 5Ot + (1 — 1) C3.
Finally, the Walras’ Law implies that the remaining bond market clears as

kB + k*Bj;+ (1 —k)Bay + (1 —k*)B3; =0

so that bonds are in zero net supply at the world level.



Implications for International Business Cycles

International Output Correlation (x = * = 0)

We first solve the model and investigate its implication on the international output
correlation when k = x* = 0 so that all the consumers can decide their consumption levels
after the information about foreign technology is revealed. This setting is convenient for
comparing the implication of the model under incomplete market assumption and that of
the model under complete market assumption. To solve the model, we log-linearize all the
first-order conditions and then use the guess-verification approach. That is, we assume a
policy function to take a linear form and plug it into the model to match the coefficients of
the same state variables in the two sides of the equations.

Let yy =logY; —logY (y; =logY;* —logY™*) and b, = B;/Y (b; = B}/Y™) where
variables with no subscript imply steady state values. We then have the following results
on the level of output.

Proposition 1 Suppose k = k* = 0 under the incomplete market assumption. Then, (i)
the equilibrium level of output in the home country and in the foreign country is given by

y = m_1logAy_1 +m* log A} { + mlog Ay + muxe + mpby (1.3)
yi = m-1log Aj_y +mZ;log A1 +mlog Ay + mgxy + mpby

for some coefficients (m_1, m*{, m,my,my); and

(i1) the equilibrium value of the coefficients (m_1,m*,m, my,my) satisfies the
following properties: m_1 and m* approach zero as kq/ky — 0; m approaches a positive
value as kq/ky — 0; my approaches a negative value as kq/k, — 0 and approaches zero as
k./ky, — oo; and my is invariant to kq/k;.

To illustrate the reason why the model with noisy information provides a quantita-
tively different result on international output correlation from the full information model, it

is helpful to first consider the case of the complete market which has a closed form solution.

For the complete market case, firms’ problems are the same as before but the households



maximize expected value of

00 1- 1 *1— *1
Bt{ct ’Y_Nt+e+ct V_Nt +e}
Zt—o 1—v 1+4e€ 11—~ 1+e€

which is common across countries subject to the world resource constraint

Y, — Ci+ Y — Cf =0.

For the full information case, the solution is given by

yr = mlog A +m*log A} (1.4)
y; = mlog Ay +m*log A,
with m = ﬁjg > 0 and m* = 1%QC < 0 where a = 1;320 <0, = 1_&; > 0. Note

that the combination of m > 0 and m* < 0 explain the reason why the the domestic
output responds negatively to foreign technology shocks. When the empirical performance
of the model is evaluated, both data series and the simulated series are typically filtered
either by using the Hodorick-Prescott filter or the first difference filter. In this paper, we
employ the latter and focus on the international correlations in terms of the log growth
rates Ayy = v — yi—1 and Ay; = yi — y;_;. Our choice of filter here is convenient for
computing the predicted correlation directly when a closed form solution is provided, as in
the case of (I.4). Given the technology process (I11.2) with a typical choice of parameters,
it is straightforward to show that (1.4) yields negative correlation of Ay and Ay;.

If the noisy information structure is introduced in this complete market model, we

have the following result.

Proposition 2 k = k* = 0 under the complete market assumption. Then, (i) the equilib-
rium level of outputs in the home country and in the foreign country is given by

Yy = m_1logAr_1 +m”log A;_; + mlog Ay + myay (L.5)

*

yi = moylog Ay +mZ log Ay +mlog A7 +mexy

10



where

_ [2p+(1- 21— )
M=1= 50—a)[(1-5)%+(1-a)(ka/kz) 1]
= -5 lo-1)](1-2)¢a

—1 7 2(T—a)[(1-2)%F(1—) (ka/ka) 1]
(=214 (ka ko))
= 0-9)2+1—a)(ka/k2) T
S & ¢ (ka/ke) !
[ M2 = T2 1 (T—0) (Fa/ka) 1

(11) the equilibrium value of the coefficients (m_1, m* |, m, m,) approaches (0,0, %C, 2:0)

as kq/ky — 0.

If we compare the coefficients in (I.4) and (I.5), the output responds less to cur-
rently observed variables and more to old information. When the relative precision of
information becomes worse, firms rely less on the signal x;, and more on old information
log A7 ;| so that m*; becomes more negative as k,/k; increases. Even if there is a positive
technology shock in the home country, since foreign firms cannot directly observe it, they
do not reduce their production level as much as the full information case. Consequently,
the home firms do not increase their production as much as the full information case and
m becomes smaller as k,/k, increases. Again, we can easily compute the correlation of Ay,
and Ay; explicitly based on (L.5).

To better understand the difference of the impact of imperfect information on
complete and incomplete markets, we conduct a simple calibration exercise using the results
from Propositions 1 and 2. We set parameters at § = 0.64, ¢ = 0.5, vy = 2 and 8 = 0.99,
values that are commonly used in the literature. We set m = .0001 for the quadratic cost
of bond holding to assure a unique steady state. For the parameters appear in technology
process (I11.2), we use our own estimated values based on the quarterly series of output and
hours worked from the US and Euro area. For the hours worked series in the Euro area, we
obtain quarterly average weekly or monthly hours of work in manufacturing from 1989Q1
to 2009Q4 for Austria, France, Germany and Spain from LABORSTA. We then convert
these series to quarterly hours worked series in all sectors, by using the ratio of annual

hours of worker in manufacturing sector to that in all sectors, for each country, obtained

11



from OECD Main Economic Indicator. The hours worked series for the US is obtained from
the BLS. Quarterly real GDP series, obtained from OECD Quarterly National Accounts is
used to construct output series for the US and Euro area. We then transform the hours
worked series and output series to log A; using (I.1) combined with # = 0.64. Using the
estimation procedure employed by BKK, we obtain p = 0.931, v = 0.046 and n = 0.040,
values that are very close to the ones used by BKK. The output (growth) correlation of
the US and Euro area from 1989Q1 to 2009Q4 is 0.54 when the Euro area is based on the
four countries we used to construct log A;. When we expand the output series of the Euro
area to those from 15 European countries (Austria, Belgium, Denmark, Finland, France,
Germany, Greece, Ireland, Italy, Norway, Netherlands, Portugal, Spain, Sweden and the
United Kingdom), the output correlation from the same period becomes 0.32.

Figure 1 shows how the predicted correlation of Ay; and Ay; changes in response
to changes in the relative precision of information k,/k, under two different asset market
assumptions. The left panel shows the complete market case based on (I.5) and the right
panel shows the incomplete market case based on (I.3). When the information is perfect
(ko/kz = 0), the output correlation is negative for the complete market. As k,/k, increases,
the correlation monotonically increases and becomes positive. In case of the incomplete
market, the output correlation is positive but is much smaller than what the data suggests.
Again, the correlation increases as k,/k, increases. For both cases, the model with a
sufficiently large noise matches the observed output correlation from the data (0.54 and
0.32).

An intuitive explanation on the role of restricted information in increasing output
correlation is as follows. The main reason why standard IRBC models generate negative or
near zero correlation of output is that the domestic and foreign firms respond to technology
shocks in the opposite direction. For example, with a positive productivity shock in the

home country, domestic firms increase their production, while foreign firms decrease their

12



production. In contrast, if foreign firms do not directly observe a positive shock at home
country, they do not reduce their production. Furthermore, as a result of excess supply
caused by uninformed foreign firms, home firms do not increase production as much as the
fully informed case. Combining the effect of weaker responses with positively correlated

technologies across two countries can yield positive output correlation.

International Consumption Correlation (k = x* > 0)

We now focus on the bond-economy IRBC model when there are two types of
consumers. We show that introducing type 2 consumers in the economy will make the
international correlation of consumption lower compared to the benchmark model with
full information. To simplify the argument, we here maintain that the fraction of type 1
consumers is common across the countries. As in the previous subsection, we use the first
difference filter to investigate the international consumption correlation. Typically, the data
suggests that international consumption growth correlation is less than the international
output growth correlation. For example, Obstfeld and Rogoff (2000) use the annual Penn
World Table data over 1973 to 1992 and find that the average international correlation in
real GDP growth rates is 0.53, while the average consumption growth correlation is 0.40.
We also compute the consumption growth rate correlation based on the data from OECD
Quarterly National Accounts. If we use four countries for the Euro area, consumption
correlation is 0.46 compared to the outputs correlation of 0.54 during the period from
1989Q1 to 2009Q4. When we use 15 European countries to construct Euro aggregates,
the consumption correlation is 0.26, but the outputs correlation is 0.32. In either case,
consumption correlation is lower than the output correlation, which cannot be predicted by
the standard full information model.?

To solve the model with kK = k* > 0, we need to combine an extended version of

3Pakko (2004) uses 10 country data from 1973:Q1 to 2002:Q4 and show that for all countries, the corre-
lations of output growth rates is higher than that of consumption growth rates.

13



Sims’ (2001) approach and the guess-verification approach. We decompose heterogeneous
expectations into homogeneous expectation component and expectation error component.
We then solve the model by treating as if the latter is an exogenous shock in the first
step. In the second step, we use the method of undetermined coefficients to assure the
endogenous expectation errors consistent with the solution from the first step (see technical
appendix for details). All the parameter values are the same as before except that we set
k = 0.6. The solutions are obtained for both (y,y;) and (¢, ¢f) where ¢; = log Cy — log C
and c¢; = log Cf — log C*.

To understand the characteristics of the model, we compute the impulse response
of consumption to one standard positive deviation of domestic technology shocks with three
different choice of relative precision of information, k,/k, = 0, 1, and 25, which is shown
in Figure 2*. Since the information is revealed at the end of each period, the effects of
information precision become almost negligible after one period. In the perfect information
case (kq/ky = 0), households in the home country increase their consumptions as their
income increases. Households in the foreign country also increase consumption, since the
spillover effects of the positive technology shocks make foreign households to borrow from
the home country. When the information noise becomes large (k,/k; = 1, and 25), foreign
households cannot predict the increase in income in the future and do not borrow as much
as they should from the international asset market. Therefore, even if foreign firms produce
relatively more than the perfect information case, foreign households still decrease their
consumption. This asymmetric responses of ¢; and ¢} is even more amplified by taking the
first difference Ac; and Acf. This makes consumption growth correlation decreasing with
respect to the magnitude of information noise.

Figure 3 demonstrates the dynamics of consumptions growth correlation and out-

4Since both information-constrained and unconstrained consumers have rational expectations, as long as
K is not extremely large the calibration of our exercise shows the response of interest rates to technology
shocks is not unrealistic.
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puts growth correlation in response to different degrees of information frictions. As in the
case of Kk = kK* = 0, we can see information noise increases outputs growth correlation, and
at the same time it reduces consumptions-growth correlation. When the relative precision
of information (k,/k;) reaches 5, the consumption growth correlation becomes less than
the output growth correlation which dramatically reduces the gap between the prediction

of the model and the data.

International Productivity-Hours Dynamics (k # k*)

In the recent global financial crisis of 2007-2009, employment and hours worked
declined both in the US and Euro area. Such a positive comovement is not predicted by the
standard IRBC models. Furthermore, since the labor declined more in the US than in Euro
area, observed labor productivity increased in the US which contrast to the Euro area where
near-zero or negative productivity growth was observed. This fact was first investigated by
Ohanian (2010). The empirical observation of near-zero (or negative) correlation between
productivity and hours worked has been viewed as a productivity-hours anomaly in the
macroeconomic literature since the standard real business cycle model predicts a positive
response of hours worked to positive technology shocks, provided an upward sloping labor
supply curve (see Gali, 1999; Christiano, Eichenbaum and Vigfusson, 2003).

Let us first show that given a certain range of parameter values, our model can
predict the positive comovement of labor input, which cannot be obtained in the full in-
formation model. In our data, the hours worked (growth) correlation between the US and
Euro area based on four European countries is positive at 0.20. Using the same solution
technique as before, we can obtain the solution for (n;,n;) where n; = log N; — log N and
ny = log N — log N*. Figure 4 shows the predicted international correlation of hours
worked using the same set of parameter values as before. For the perfect information case

with k,/k; = 0, the correlation is negative. The correlation is not monotonically increasing
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in k,/k;. However, it predicts the positive correlation when k,/k, lies between the values
of 0.1 and 0.5.

We also solve the model when the fraction of information constrained consumers
differs across the country. Figure 5 shows the predicted correlation of hour worked growth,
Ani(An;), and measured productivity growth, Ay, — Ang(Ayf — Anj), when x = 0.1 and
k* = 0.7. It shows that when k,/k, increases, the model can predict negative productivity-
hours correlation in one region and positive productivity-hours correlation in the other
region (Figure 6), where the former represents the Euro area and the latter represents the

US.

The Model with Capital Accumulation

In this section, we extend our model, and show that our main results are consistent
for models with and without capital as an input in the production functions. The model
structure is the same as in section 2, and the only difference is firms’ production functions

and households’ budget-constraint equations. The production functions is

Y, = A K}ON?

for the home country and

}/t* — A:ngl—ONt*G

for the foreign country, where K;(K7) is the capital stock for the home (foreign) country. In

addition to investing in the financial capital market, households also invest in the physical
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capital market. The households’ budget constraint is
Ci+ 1t + Biyq + gBtzH <rKi+ Wi Ny + Ry By
for the home country and
Ci + I + Biyy + 5 B2y <K, + Wi N{ + R,B;

for the foreign country, if households can only trade real bonds across countries. If house-
holds can trade state-contingent bonds internationally, the households’ budget constraint

becomes
Ci+Ci+ L+ =Y, +Y/,

where I;(I}) is the investment in the physical capital in the home (foreign) country and
*

r¢(r}) is the interest rate in the capital renting market in the home (foreign) country. The

capital stock evolves according to

Iy

Kip1=(1-06)K; + éf)(Kt

) K1

for the home country and
I*
Ky = (1= 8K + 975K
t
for the foreign country, where ¢ is the capital depreciation rate and the function ¢(-) implies
an adjustment cost. The function 1/ gbl is Tobin’s q, which gives the number of units of
output which must be foregone to increase the capital stock in a particular location by one
unit.
The solution method is the same as the method used in section 3.2. We log-
linearize the first-order conditions of the model first, and then use an approach combining
an extended version of Sims’ (2001) approach and the guess-verification approach. To

calibrate the model, in addition to the parameters specified before, we need specify two
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additional parameters, 6 and ¢(-). J is set to 0.025 which indicates that capital depreciates
at the rate of 2.5 percent per quarter. The solution method does not require us to specify
the function form of ¢ but requires us to set the values of ¢, qﬁ/ and ¢ in the steady state.
We choose gb(%) = § and gb/(%) = 1 so that the model with adjustment costs has the
same steady state as the model without adjustment costs. ¢ (%) is set to equal —2.5 as in
Christiano, Eichenbaum and Evans (2005).

The calibration results show that including capital accumulation in the model
does not change the results of the model quantitatively significantly. In Figure 7, one can
see when k = k* = 0, information frictions increase the output correlation from around
0.14 to 0.52 for both the complete market case and incomplete market case. When we
introduce information frictions into the consumption side by choosing kK = «* = 0.7, a
slightly bigger value than the one we used for the model without capital accumulation, the
consumption correlation declines from around 0.96 to around 0.40 when k,/k, increases
from 0 to 10, and is exceeded by the output correlation (Figure 8). From Figure 9, one can
see the implication of international comovement of labor inputs is much more significant
when capital accumulation is allowed in the model. The hours worked correlation increases
monotonically with the degree of information frictions. When k, /k, > 1, the hours worked
correlation becomes positive. If we choose k = 0.1 and x = 0.7, the positive productivity-
hours correlation in the home country and negative correlation in the foreign country can

also be generated if the degree of information frictions is chosen to be large enough (Figure

10).

Conclusion

We introduced a noisy information structure into an otherwise standard interna-
tional real business cycle model with two countries. When domestic firms observe current

foreign technology with some noise, prediction of the model on international correlation
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turned out to be very different from that of a standard perfect information model. First, we
found that the imperfect information model can explain positive output correlation both in
complete and incomplete market models. Second, consumption correlation became smaller
than output correlation when the precision of the information becomes worse in the pres-
ence of information constrained households. Third, the model can explain the observation
of positive productivity-hours correlation in one country and negative correlation in the
other country.

There are several directions in which our model can be extended. First, we can
allow for information heterogeneity not only across the countries but also within a country.
When firms in the same country face different signals about the foreign technology, the
lagged foreign technology will have a role of public information, in addition to its role as the
predictor of the current foreign technology. This may amplify the effect of noisy information
and increase the predicted international output comovement. Second, we can introduce
nominal shocks into the model and consider the possibility of confusion between nominal
and real shocks. Third, we can investigate the role of the possible correlation of noise shocks
across countries for the output correlations. Finally, it would be another contribution to the
literature if one can estimate the parameters of variances of noise shocks and of proportions
of information-constrained households within a country®. These extensions are left for

future research.

5To the best of my knowledge, until now there is no estimation work on to what degree noise shocks
can quantitatively explain business cycle fluctuations in a DSGE framework. Olivier J. Blanchard, Guido
Lorenzoni, and Jean Paul L’Huillier (2012) use a structural vector autoregression (SVAR) and argue that
noise shocks explain around half of business cycle fluctuations.
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Proof of Proposition 1

Appendix A

The bond economy can be fully characterized by the following first-order conditions

(normalize P, = 1):

Boundary condition:

lim f'A\:B; =0
t—o00

and

lim B'A;Bf =0
t—o0

Epwi — Eng(AONI1) =0

Epw; — Ep(A[ON"1) =0

Y; — ANY =0

Y- ATNFY =0

AN—C77 =0

Awe — N =0

A(1+ 7Bii1) — Er(BA1Riq1) = 0
Bii1+ 5B}y +Ci =Yy — BBy = 0
N—C7 =0

Nwh — N =0

AN (L+ 7B ) — Et(BA 41 Riv1) =0
Bi+ gBﬁl +Cf =Y = RBy =0

Bi+Bf =0
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(L.10)
(L11)
(L12)
(1.13)
(1.14)
(L.15)
(1.16)
(1.17)

(L18)

(L19)

(1.20)



where A\¢()\;) is the Lagrange multipliers. Combine equations (6), (8), (10) and (11) and

log-linearize,

yi = co + (log Ay + a By

and equations (7), (9), (14) and (15),

Y = cp + Clog A7 + aEpcy.

(1.21)

(1.22)

where @ = —2 and ¢ = 1J1rJ:9> ye = logY; —logY (yf =logY* —logY™), ¢, = log C; —

1+e—0

log C, (cf =log Cf —log C*). From equations (10), (12), (14), and (16)

1
ct — Bicirr = —Ey(=ri41 + mhiga)

N 1
C: — Etct+1 = ;Et(_’rt_i,_l + Wb:+1)

where r; = log Ry — log R and b, = B;/Y. With ¢, + ¢f =yt + v7,

1 2
¢t — Brerpr = 5[.% + 9yt — Er(ye+1 + yip) + Tbtﬂ]-
Assume
1 *

c = 5(% +y; +di)

* } * d

o = 2(yt +y; —dy)
we have

2w 2w 2w
di = Ey[dip1 + Tbt—i-l] = Ey[di2 + Tbt-i-l + 76t+2] =

Since Byt =Y; — C; — RyB; — 3 B? 4,

™

(1.23)

(1.24)

s
BBk = B¥[(Yiek—1— Cran1 — §Bt2+k) + (Yik—2 — Crph2 — = Bf 1) Rigr

2
+o R RiBy.
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By using the boundary condition (19), limg_, EtﬂkBHk = 0, in the steady state Y = C

and BR=1,Y; — Cy = Y (y; — ¢;), and (24),

o0 o0
N 2
dy = BN E Z (Yt+k — Yi) + Z /6k+117bt+1+k + 2]} (1.25)
P = (1-p)
Use guess-verification approach and assume
vy = m_ilog A1 +m”log Aj_ | + mlog Ay + myxi + mpby (1.26)
y; = m_ilog Ay | +m* log A1 +mlog A} + max; + mpb; (1.27)

and technology processes have the following vector-autoregressive form

In A; p v| |InAi €t
_ + (1.28)
In A} v op| |InA;_; €;
then
di = (1—B)(m_1—m* )(log Ar_1 —log AT )+ — D [Bm_y —m*,) (129)
t = -1 —1)llog Ai—1 g A1 1—B(p—v) -1 —1 .
i B = )(10g A ~log A7) + (1= )lma(or — o) + (2my + —27)
By kzoﬁ beyi + (2 — W)bt] (1.30)
Plug (25) into (24),
Et[z B (e — yiir) + (2my + Z BFbyir + ( 7(12 5 )be] (1.31)
E; [Z Bk (yt+1+k - yt*+1+k) + (2mb + 2%) Z Bkbt+1+k + th+1].
k=0 (1 —B) =0
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Since
o
Ey Z B*(yur — Yirk)
k=0

= E Zﬂk[(m_l —m* 1 )(log Ay_141 —log Ay ;) +m(log Ayyy, — log AF, ;) +

k=0
(e o]
My (Tepk — Tipp)| + 2mp By Z B*bes
k=0
= Ut + mev;ﬁv

then equation (30) can be rewritten as
us 1
(mp + 1)Ve — (B + 5 +my + 1) BV + BEVigo = _§(Ut — EtUtt1).

Use Lag-operator, by = V;, — fF;V;11 as initial condition and U as given,

P
V= (1- 1)

B
2X2(1 + mp)

(1= A)EUp 1
+ b 1.32
N A (1-52)

{U —

Where \; < 1 < )y solve the equation (my, + 1)\ — (8 + %4+ my+1)A+ 5 =0. Plug (31)

into (29), then (23), then (21) and compare the coefficients with (26),

a(m_1+m* ) n a(1=p)(1+d1)(m_1-m* )  a(1-B)(1+d1)(B(m—1—m*)+m—PBma(p—v))kav

m-1= 2 2 21— Bp1Bv) (katFa)
n amkav n a(lfﬁ)dz(m_lfmil+(P—U)(ﬂ("(L;jB—;iE;)H-m—mx))kal/.

2(katkz) 2(Fatk) )

« _ alm_y+m®)  a(1-f)(I+d)(m_y1—m*})  a(1—B)(1+d1)(B(m_1—m* ) +m—Pma(p—v))kap
m-1= 2 - 2 - 21— Bp1Bv) (katka)
L oomhgp | Aot 4 T .

2(katkz) 2(Fatka) ;

o a(m+mg) a(l—pB)(1+d1)my a(1-8)(14+d1)(B(m—1—m* | )+m—Lmaz(p—v))
m=_(+ =5 - 5+ NT—BpBv)

« (=) (B(m_1—m* )+m—m,)
—3a(l = B)da(m_1 —m* | + e );

My = amky + a’r;bx + a(l_ﬁ)(;“’dl)mm a(1-B)(1+d1)(B(m—1—m* | )+m—PBma(p—v))ka

"~ 2(katka) 2(1=Bp+Bv)(katkz)
—v _1—m* )+m—
a(lfﬁ)dz(m—1*mi1+(p )(B(leﬁpﬁg;; i mx))kz .
2(ka+hy) ’
_ o1-B) (1= ) (£ a(-B)
my = — B — .
1 po a(1-8)
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—0 € ™ — ™
where o = 1.,.6197 ¢= 1it_97 dy = (mb+7(175))(1_>%) 1()\2(1[17%)7 dg = (mb+7(175))(1_

ﬁ)fl B(1—A1)
A2 (A2(14+mp)[1-A1(p—v)]"

There are five undetermined variables and five equations, so we

solve the coefficients (m_i, m*{,m, m,,m%). We can easily verify that my is invariant to

ko k.
For part (ii), when k,/k; — 0, the above equations become
m_q = a(m712+m*71) n a(l—ﬁ)(1+d12)(m,1—mj1);
m*, = O‘(mﬂ;‘m*q) _ a(l—ﬁ)(1+d12)(m,1—m*_1);
m=(+2 m+mx) _ 04(1—/3)(;+d1)mw i a(lfﬁ)(1+d1)(B(zﬁillgﬁéi)ﬁmfﬁmz(p*v))
* (p—v)(B(m—1—m’ ;) +m—ma)
—La(1 = B)dy(m_1 —m* | + 2 T )i
a(m+my a(1-8)(1+d1)my a(1-8)(14+d1)(B(m—1—m* | )+m—Bmy(p—v))
My = ( 5 ) + ( )(2 1) _ 1 2(1jﬂp+5;)
a(l—B)da(m_1—m* |+ (,),l,)(5(7?1__1;;153))“”7"@) ).
2 )
a(1-B) (157757 (135 +a(l-B) 55
mp = 7(11_,3)%_@(%12 3 ~(1-8)
S0,
m_1 =m"; =0;
m = S _ __al(d=BptBr)—(1-5)(1+d1)+(1=B)d2(p—1)]C .
I-a  2(1-)[(1-Bp+Br)—a(l-B)(1+d1)+a(l-B)d2(p—v)]’
My (1=Bp+Bv)—(1=B)(A+d1)+(1=B)d2(p=1)]¢ .
2(1=a)[(1-Bp+Bv)—a(l-B)(1+d1)+a(1—B)d2 (p—v)]’
a(1-B) (-7 k2)+a( —B) =5
b= 1-Z —a(1-p) :

Then, let us proof the case under the condition 7 — 0, m > 0 and m, < 0. Let us prove
—1 < myp < 0 as a preparation for later proofs. Since 0 < A\; < 1 < A2, 0 < 8 < 1,and

04<0,)%<1,if7r—>0,wehavemb<0and,

(1= 50 —al-B) + 55
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Therefore, we have —1 < m; < 0. Next,

dy (my, + UV ﬁ)—l B

7(1—5))( A2" Ag(1+my)
_ )-S5 tmm B I — B8+ Tt

R 2 R o € )]

g -a(l=p) He(ldmy) _a8@0) ofr g 5

Similarly, we can also have da < 0.

1-X
Cda(p—v) < —dy = —dy——— < g
2(p—v) < —dy s W L

so we have —d; + da(p — v) > 0. Therefore, m,’s numerator:

af(1=Bp+pr) — (1 =)L +d1) + (1 = B)da(p - v)IC

= af{B—Bp+ v+ (1-PB)[—di+dz(p—v)]} <O.

Furthermore,
1— B + _ ™
A2 YA2(1-P)
di+1= > 0.
af(1-B) | afnw _ B
DY + YA2 +1 A2

m,’s denominator

21— a)[(1=Bp+pr)—a(l =)L +di) + a(l — B)d2(p —v)] > 0.

Overall,

L al0=Bptpr) - (1= B+ d) + (1= Bdlp-MC
T 2T —a)[(1—Bp+ Bv) —all—B)(L+dr) +a(l - BAdalp— )]

Note that m—|—mx:ﬁ>0, som>0.1
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Proof of Proposition 2

The complete-market economy can be fully characterized by the following first-

order conditions:

Enw; — Ep (AN~ =0 (1.33)
Epw; — Ep(PAONY) =0 (1.34)
Y; — AiN? =0 (1.35)
Y — AJNY =0 (1.36)
C;7—-Cf77 = (1.37)
Nf—C;w =0 (1.38)
N —C; Twi =0 (1.39)
Ci+ Cf — ALN? — AXNF =0, (1.40)
From equations (32), (34) and (37)
yr = co + Clog Ay + aEpicq (L.41)
and equations (33), (35) and (38)
yi = co+ Clog Af + aEpcy (1.42)
where the constant terms co = ¢ = ﬁ, a= —% and ( = 1}:59. Since Cy = Cf, we
have:
* 1 *
ct = ¢ = 5lye +url (L43)
Use guess-verification approach and assume
ye = m-1logAr1 +mZlog Ay 1 +mlog Ay + muxy
y; = m_ylog Aj_; +m*;log A;_1 +mlog A} + myxf
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and plug the two above equations into equation (42), and then (40), we have

mo +m—_1log Ay—1 +m*log A}_; +mlog Ay + myx;

m_1+m* m_1+m*
= Co+C10gAt+Oé{mo+%logAt_1+#log14*

mlka(plog Aj_; +vlog Ar—1) + kyxi]

—1 A —1 A
2k + ) og s+ “tan + 75" log A}
Compare the coefficients in the above equation,
m_1+m*, mavk,
1 = 1.44
m_y o 5 + Tk & k) (L.44)
N m_1+m*, mapk,
= 1.4
m- o 5 + 2k + k) (1.45)
m o= C+ mszc (1.46)
me = o[y e (1.47)
T 2 2ky + k) '

( 7%)C(k‘a+k$) .
=) 2k +(1-a)ks’

5 Cka
My = 7= a)?ka+(1 aVky
$o+1-3M-3)Ka
m-1= 2(1—2a)[(1—%2)2ka+(12—a)kw} Ka;

[(A=F)p+5vI(A-F)Ca
miy = 5o a)[(1_7)2ka+(f—a)kx} a

For part (ii), when k,/k; — 0, it is straightforward to have that the coefficients

m:(

Solve equations (42) to (46), and ignore the constant term, we have,

o

(m_1,m*{,m, m,) approaches (0,0, 11 72(1%(). =

Appendix B

This appendix briefly describes a method to solve a system of linear expectational
difference equations with heterogeneous information. At first, we divide heterogeneous
expectational operators into two components, the full information part and the expectation
errors part. The expectation errors part is then treated as shocks to the model, and then we
solve the system of linear expectational difference equations as the case with homogeneous

information by Sims’s (2001) method in the first step. In the second step, we use the method
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of undetermined coeflicients to assure the endogenous expectation errors consistent with the
solution from the first step. Let y(t) be a vector (k x 1) which we are interested in. Then
a typical system of linear rational expectational difference equations with heterogeneous
expectational operators can be written as

N N

ZFiOEity(t) = ZPﬂEit—ly(t — 1)+ C+ Vz(t) + 1In(t) (L48)

i=1 i=1
t=1,...,T, where C is a vector (k x 1) of constants, z(t) is a vector (p x 1) of exogenously
evolving, possibly serially correlated, random disturbances, 7(t) is a vector (¢x 1) of expecta-
tional errors, satisfying E;n(t+1) = 0, E;; denotes expectational operator with information
set Qir, Ijp and Ty are (k x k) coefficient matrics, and ¥ and II are (k x p) and (k X q)
matrics.

Step 1. Divide heterogeneous expectational operators into two components, the
full information part and the expectation errors part. After this treatment, the equations
can be reorganized as

N N
O T Ewy(t) = (O _Tw)Er1y(t — 1) + C + T*2(t)* + Tn(t) (.49)
i=1 i=1

where

U* =¥, -T19,—T20,.... —T'ni, T'11,T21, -, T'vi]

2(1)" = [2(t), (Bu—E)y(t), .. (Ene—E)y(t), (Bu-1—E1)y(t=1), .., (Exi-1=E1)y(t-1)]

(1.50)

where E; denotes the expectation operator based on full information. (1.49) can also be
solved by other standard methods (see Anderson (2008) for a survey).

Step 2. Undetermined Coefficients Method.
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By using Sims’s (2001) method, the solution of (I.49) can be characterized as
o0
y(t) = Ory(t — 1) + O + Op2*(t) + 0, > 05 'Q.Ez*(t + 5) (1.51)
s=1
where the coefficients are defined in equations (44) and (45) by Sims (2001). To use
undetermined coefficients method, first, we list all the exogenous innovations by €(t) =
(€1t, €2t ..., €1¢) which might affect the solution of y(t). The state variables €;s could be

technology innovations, information signals, or other type of shocks. We then assume
2*(t) = Y (t) (1.52)

where T is the ((p + kN) x ) undetermined coefficients matrix. Remember that the top
entry of 2/ is z, so the first p row of T should also be known at this point and in total we
have kN x [ unknown coefficients. Plug equation (1.52) into (I.51), and we can have y(t).
Then plug the y(¢) into the definition of z*(¢) (I1.50), and finally match the coefficients in
equation (1.52). We will have exactly the same number of linear equations as of unknown
variables, so we can exactly identify the unknown matrix Y. Because it is a linear equations,

the solution procedure will not take too much time by using regular matrix-based software.
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Example: Noisy Information with International Business Cycles

When there exist both information constrained households and informed house-

holds, the model can be characterized by the following log-linear equations:

0=enpt+vyen — (00— )ny — ay
1
0=cnt — Ercpty1 — ;[pt + Tontr1 + (Bnepe — i) + (Bntcnir1 — Eicngy)]

0= /ant—l—l + Cnt — ay — Hnnt - bnt

N — RKMpt

0=
¢ 1—&

+ YCit — At — (9 — 1)7’1,5 + (Ehtwt — wt)

1
0= ;(pt + 7hit+1) — cit — Eicit

Ny — KMt

0= Bbit41+ cit —ar — 0 — bt

11—k

0=eny, +vycr, — (0 —)nf —ay
1
0=cp — EiCpyq — §[Pt + Thyp1 + (Epepe — pe) + (Efechir — Eicnpy)]

_ * * * * *
0= ant—i-l + Cnt — Ay — ennt - bnt

ny — Kkny, * % * * %
0= €7t1 — ﬁnt + e —ay — (0 — D)nf + (Epw; — wy)

1 Kb + (1 — K)bjre1 + Kb
0=cj — Eicjyiq — a(Pt — g ( Jbiets e

)

1—k

(1.53)
(L54)
(1.55)
(1.56)
(L.57)
(1.58)
(1.59)
(1.60)
(L.61)
(1.62)

(L63)

0 = Kbp+(1 — K)(cjy—a; +bit— By y1) + kb, —0(ng —rnyy) — Br(Dyy 1 +bne 1 (1.64)

*
0=at—par—1 —va;_; — €

* * *
0=a; —pa;_1 —vai—1— €
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So

_ . -
g
Enipt — pt
. Eppwi — wy
z =
Epipt — pt
Epwi — wy
Entent+1 — Ercnta
i B¢ — Erchpa |

At first, we solve the models and get the equation (I.51), then assume

1 0 0 0
0 1 0 O
b1 P2 pP3 P4 €t
L,  |W1 w2 w3 Wy €
Zt = *
Pl P> Py Pi vt
w] wy wi wy I vy |
C1 C2 C3 Cq
(R R )

Use the algorithm discussed above, we solve the models.

Appendix C

We choose US versus the Euro as the two countries in our model. To construct

the Euro aggregator we choose the following four countries: Austria, France, Germany,

31



and Spain. The following files are used for average weekly hours worked per worker in
manufacturing.

Austria: we collect Monthly hours of work per month in manufacturing data from
LABORSTA. Then we use arithmetic mean of every three months to calculate the quarterly
hours of work per month in manufacturing. The data cover wage earners from 1989M1 to
1995M12. After that the data cover employees’.

France: we collect Quarterly hours of work per week in manufacturing data from
LABORSTA. The data cover wage earners from 1989Q1 to 1992Q4. From 1993Q1 to
2009Q4, the main coverage is for employees.

Germany: before 2005, LABORSTA has two different sequences for Germany:
Western Germany and Eastern Germany, but Western Germany covers both of two parts
after 1990Q1. After 2005, there is only one Germany sequence. We choose the sequence of
Western Germany to supplement the Germany sequence to have a complete data series of
Germany. The data cover wage earners.

Spain: we collect quarterly hours of work per week data from LABORSTA. The
data cover wage earners. There are two missing observations and we use the average of the
two closest observations to replace them.

All the raw data are not seasonally adjusted. We use X-12-ARIMA to seasonally
adjust them.

From above, we have the data of quarterly average hours of work per week or per
month in manufacturing. We collect the data of average annual hours actually worked per
worker in all sectors from OECD Main Economic Indicator. Then we use the quarterly
average hours of worker per week or per month in manufacturing as proportions to divide
the annual hours worked per worker in all sector to construct the quarterly hours of work

in all sectors data.

5Because we use the series of quarterly hours of work as proportions to divide the series of annual hours
of work, so we conjecture the change of coverage only has a minor effect.
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Employment: we use quarterly average employment data from OECD Main Eco-
nomic Indicator. The data is seasonally adjusted.

Output and Consumption: the data for quarterly GDP and quarterly consumption
are from OECD Quarterly National Accounts.

The series for US quarterly average hours of work per week and employment are
from BLS. The series for US consumption and GDP are from OECD Quarterly National

Accounts.
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CHAPTER II

FINITE SAMPLE PERFORMANCE OF PRINCIPAL COMPONENTS ESTIMATORS
FOR DYNAMIC FACTOR MODELS: ASYMPTOTIC AND BOOTSTRAP
APPROXIMATIONS

Introduction

The estimation of dynamic factor models has become popular in macroeconomic
analysis since influential works by Sargent and Sims (1977), Geweke (1977) and Stock and
Watson (1989). Later studies by Stock and Watson (1998, 2002), Bai and Ng (2002) and
Bai (2003) emphasize the consistency of the principal components estimator of unobservable
common factors under the asymptotic framework with a large number of cross-sectional
observations. This paper investigates the finite sample properties of two-step persistence
estimators in dynamic factor models when unobservable common factors are estimated by
the principal components method in the first step. The first-step estimation is followed
by the estimation of autoregressive models of common factors in the second step. Using
analytical results and simulation experiments, we evaluate the effect of the number of the
series (V) relative to the time series observations (7") on the performance of the two-
step estimator of a persistence parameter. Furthermore, we propose a simple bootstrap
procedure that works well when N is relatively small.

In this paper, we focus on the persistence parameter of the common factor be-
cause of its empirical relevance in macroeconomic analysis. In modern macroeconomics
literature, dynamic stochastic general equilibrium (DSGE) models predict that a small set
of driving forces is responsible for covariation in macroeconomic variables. Theoretically,
the persistence of the common factor often plays a key role on implications of these models.
For example, in the real business cycle model, there is a well-known trade-off between the
persistence of the technology shock and the performance of the model. When the shock

becomes more persistent, the performance improves along some dimensions but deteriorates
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along other dimensions (King et al., 1988, Hansen, 1997, Ireland, 2001). In DSGE models
with a monetary sector, the optimal monetary policy largely depends on the persistence
of real shocks in the economy (Woodford, 1999). In open economy models, the welfare
gain from the introduction of international risk-sharing becomes larger when the technol-
ogy shock becomes more persistent (Baxter and Crucini, 1995). Since these common shocks
are not directly observable, a dynamic factor model offers a simple robust statistical frame-
work for measuring the persistence of the common components that cause macroeconomic
fluctuations.!

Dynamic factor models have also been used to construct a business cycle index
(e.g., Stock and Watson, 1989, Kim and Nelson, 1993) and to extract a measure of underly-
ing, or core, inflation (e.g., Bryan and Cecchetti, 1993). In such applications, the persistence
of a single factor can often be of main interest. For example, Clark (2006) examines the
possibility of a structural shift in the persistence of a single common factor estimated using
the first principal component of disaggregate inflation series. In this paper, we consider
only the case in which a single common factor is generated from a univariate autoregressive
(AR) model of order one. This specification keeps our problem simple since the persistence
measure corresponds to the AR coefficient. However, in principle, the main idea of our
approach can be applicable to AR models of higher order.?

The principal components estimation of the unobserved common factors is com-
putationally simple and feasible with a large number of cross-sectional observations N.
The method also allows for an approximate factor structure with possible cross-sectional
correlations of idiosyncratic errors.®> The large N asymptotic results obtained by Connor
and Korajczyk (1986) and Bai (2003) imply v/N-consistency of the principal components
estimators of common factors up to a scaling constant. Therefore, if N is sufficiently large,
we can treat the estimated common factor as if we directly observe the true common factor

when conducting inference. However, since this argument is based on the asymptotic the-

'Recently, Boivin and Giannoni (2006) proposed estimating a dynamic factor model in which they impose
the full structure of the DSGE model on the transition equation of the latent factors.

%In the case of AR models of higher order, however, there are several measures of persistence, including
the sum of AR coefficients, largest characteristic root and first-order autocorrelation.

3The principle components estimator of the common factor with large N can also be used to estimate
nonlinear models (Connor, Korajczyk and Linton, 2006, Diebold, 1998, Shintani, 2005, 2008) or to test the
hypothesis of a unit root (Bai and Ng, 2004, and Moon and Perron, 2004).
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ory, an approximation may not work when N is small relative to the time series observation
T that is typically available in practice. Consistent with our theoretical prediction, the
results from our Monte Carlo experiment using positively autocorrelated factors suggest
the downward bias in the AR coefficient estimator and significant under-coverage of the
naive confidence interval when NV is small. The simulation results also suggest that a simple
bootstrap procedure works well in correcting the bias and improves the performance of the
confidence interval.

The bootstrap part of our analysis is closely related to recent studies by Gongalves
and Perron (2012) and Yamamoto (2012). Both papers also employ bootstrap procedures
for the purpose of improving the finite sample performance of estimators of dynamic factor
models. Gongalves and Perron (2012) employ a bootstrap procedure in factor-augmented
forecasting regression models with multiple factors. The factor-augmented forecasting re-
gression models are very useful in utilizing information from many predictors without in-
cluding too many regressors. This aspect is emphasized in Stock and Watson (1998, 2002),
Marcellino, Stock and Watson (2003) and Bai and Ng (2006), among others. Gongalves
and Perron (2012) provide the first order asymptotic validity of their bootstrap procedure
for factor-augmented forecasting regression models, but not in the context of estimation
of the persistence parameter of the common factor. It should also be noted that, unlike
their factor-augmented forecasting regression models with multiple factors, the bootstrap
procedure for our univariate AR model of the common factor is not subject to scaling and
rotation issues.* Yamamoto (2012) examines the performance of the bootstrap procedure
applied to the factor-augmented vector autoregressive (FAVAR) models of Bernanke, Boivin
and Eliasz (2005). While his multiple factor structure is more general than our single fac-
tor structure, his main focus is the identification of structural parameters in the FAVAR
analysis using various identifying assumptions. In contrast, we are more interested in the
role of parameters in the model in explaining the deviation from the large N asymptotics

when N is small.

4To be more specific, under our normalizing assumption, the factor is estimated up to sign but the au-
toregressive coefficient can be identifed as the sign cancels out from both side of the autoregressive equation.
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There are several simulation results available in the literature on the principal
components estimator of dynamic factor models. Stock and Watson (1998) report the finite
sample simulation results on the magnitude of the first-step estimation error of the common
factor as well as the performance of an out-of-sample forecast based on the estimated factor
relative to that of an infeasible forecast with a true factor. Boivin and Ng (2006) report
similar performance measures in investigating the marginal effect of increasing N when there
is a strong cross-sectional correlation of the errors. In addition, Stock and Watson (1998)
and Bai and Ng (2002) find that information criteria designed to determine the number
of the factors perform well in a finite sample. None of these studies, however, directly
investigate the effect of NV on the estimation of dynamic structure of the common factors.

The remainder of the paper is organized as follows: Section 2 reviews the as-
ymptotic theory of the two-step estimator, and investigates the finite sample performance
of the estimator in simulation. Section 3 considers a bootstrap approach to reduce the
bias. Section 4 considers a bootstrap approach to improve the coverage performance of the
confidence interval. Section 5 provides an empirical illustration of our procedures. Some
concluding remarks are made in Section 6. All the proofs of theoretical results are provided

in the Appendix.

Two-Step Estimation of the Autoregressive Model of Latent Factor

We begin our discussion by reviewing the literature of finite sample bias correction
of an infeasible estimator of an AR(1) model, and then provide asymptotic properties of
a two-step estimator of dynamic factor structure. Let z;; be an i-th component of N-
dimensional multiple time series X; = (x14,...,2n¢) and t = 1,...,T. A natural way to
explain the comovement of x;;’s caused by a single factor, such as productivity shocks, is

to use a simple one-factor model

Tt = /\ift + €t (H.l)

for ¢ = 1,..., N, where \;’s are factor loadings with respect to i-th series, f; is a scalar

common factor and e;’s are possibly cross-sectionally correlated idiosyncratic shocks. If
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a dynamic structure is introduced by incorporating (i) a dynamic data generating process
for fi, (ii) lags of f; in (II.1) or (iii) serial correlation in e;’s, then the model becomes a
dynamic factor model. In this paper, we limit our attention to a simple case with a single

factor generated from a zero-mean linear stationary AR(1) model,

fe=pfi-1+e (I1.2)

where |p| < 1, and & is i.i.d. with E (g;) = 0, E(g42) = 02 and a finite fourth moment.
When f; is directly observable, the AR parameter p can be estimated by ordinary

least squares (OLS),

T+1 -1 7
p= (Z fE_1> > fioihr (IL.3)
t=2 t=2

Under the assumption described above, the limiting distribution of the OLS estimator (I1.3)

is given by
VT (5= p) 5 N(0,1 - p), (IL4)

as T tends to infinity, which justifies the use of the asymptotic confidence intervals for p.

For example, the 90% confidence interval is typically constructed as

[ — 1.645 x SE(p),p+ 1.645 x SE(p)] (IL5)

where SE(p) is the standard error of p defined as SE(p) = (?fa/E?;Ql fEV? 62 =
(T-1)"'S L, and & = f; — pfi1.

When T is small, the presence of bias of the OLS estimator (I1.3) is well-known
and several procedures have been proposed to reduce the bias in the literature. Using the
approximation formula of the bias obtained in early studies by Hurwicz (1950), Marriott and
Pope (1954) and Kendall (1954), one can construct a simple bias-corrected estimator. For
example, in the current setting with a zero-mean restriction, the bias-corrected estimator
is given by P pc = T(T — 2)~'p, which is a solution to the bias approximation formula

E()—p= —2T"tp+ O(T72) for p with E(p) replaced by p. Alternatively, one can use
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the bootstrap method for the bias correction. A similar methodology was first employed by
Quenouille (1949), who proposed a subsampling procedure to correct the bias. A bootstrap
method for AR models based on resampling residuals was later formalized by Bose (1988)
and was extended to the multivariate case by Kilian (1998), among others. In particular,
the bias-corrected estimator is given by ppo = p — bias where the bootstrap bias estimate
is bias = B~ Zle pp — p and pp is the b-th AR estimate from the bootstrap sample and
B is the number of bootstrap replications. By using either the Kendall-type bias correction
or bootstrap bias correction procedures, the small T bias is reduced by the order of T71.

Table 1 reports the mean values of the OLS estimator p along with the effective
coverage rates of the nominal 90% conventional asymptotic confidence intervals (IL.5) in
10,000 replications, using f; generated from (I1.2) with the AR parameter, p = 0.5 and 0.9
combined with g; ~ idN (0,1 — p?).° The sample sizes are T' = 100 and 200. The initial
value f; is drawn from the unconditional distribution of f;, that is N(0,1). In addition to
the OLS estimator p, the mean values of the Kendall-type bias-corrected estimator pypc
and the bootstrap bias-corrected estimator pp~ are also reported. For the bootstrap bias
correction, we use B = 499. The results suggest that the coverage of conventional asymp-
totic confidence intervals seems very accurate for sample sizes T' = 100 and 200. In addition,
comparisons between two bias correction methods suggest that the small T' bias of the OLS
estimator (p) can be corrected reasonably well either by the Kendall-type correction (px pc)
or the bootstrap-type correction (pgo). In what follows, we use the results in Table 1 as a
benchmark to evaluate the performance of the two-step estimator when the factor f; is not
known.

Let us now review the asymptotic property of the two-step estimator for the per-
sistence parameter p when only z;; from (I.1) is observable. Under very general conditions,
fi can still be consistently estimated (up to scale) by using the first principal component of
the N x N matrix X'X where X is the T'x N data matrix with ¢-th row X/, or by using the

first eigenvector of the T x T' matrix X X’.® We denote this common factor estimator by ﬁ

5Since our results are based on 10,000 replications, the standard error of 90% coverage rate in the

simulation is about 0.003 (~ 1/0.9 x 0.1/10000).

Since principal components are not scale-invariant, it is common practice to standardized all zi;’s to
have zero sample mean and unit sample variance before applying the principal components method.
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with a normalization 7! Zthl f? = 1. Once ft is obtained, we can replace f; in (I1.3) by

ﬁ and the feasible estimator of p is

41 N\t r
- (L) i 1)
t=2 t=2
Below, we first show the asymptotic validity of this two-step estimator, followed
by the examination of its finite sample performance using a simulation. To this end, we

employ the following assumptions on the moment conditions for factors, factor loadings and

idiosyncratic errors. Below, we let M be some finite positive constant.

Assumption F (factors): (i) E|f|* < M and (i) F/F/T % a?c = 1 where F =
[f1, -, fr) as T — oo.

Assumption FL (factor loadings): (i) E|\|* < M and (i) A’A/N 2 63 > 0 where
A=\, -, Ay] as N — oo.

Assumption E (errors): (i) For all (5,1), E (ei) = 0, Elex|® < M, (i) E(eisei) = 0
for all ¢t # s, and N~} Zﬁ;zl |7ij| < M where 7;; = E(eieje), (iii) E\N*I/2 Zi]il[eite,;s —
E(eiteis)][* < M for all t and s and (iv) (TN)"'SL, Zﬁfjﬂ Nidjeirejr = T > 0, as
N, T — oco.

Since we focus on the AR(1) process of the factor, Assumption F is equivalent

to the finite fourth moment condition of an i.i.d. error & with variance o2 = 1 — p?

e
given the stationarity condition |p| < 1. Assumption FL can be replaced by the bounded
deterministic sequence of factor loadings, but we only consider the case of random sequence
in this paper. Assumption E allows cross-sectional correlation and heteroskedasticity but
not serial correlation of idiosyncratic error terms. It should be noted that Assumption E can
be replaced by a weaker assumption that allows serial correlations of idiosyncratic errors

(see Bai, 2003, and Bai and Ng, 2002). Finally, we employ the following assumption on the

relation among three random variables.

Assumption I (independence): The variables {f;}, {\;} and {e;} are three mutually

independent groups. Dependence within each group is allowed.
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The following proposition provides the asymptotic properties of the two-step esti-

mator of the autoregressive coeflicient.

Proposition 1. Let x;; and f; be generated from (I1.1) and (I1.2), respectively, and As-
sumptions F, FL, E and I hold. Then, as T — oo and N — oo such that \/T/N — ¢ where

0<c< o,

VT (5= p) % N(=cpoiT, 1 p?). (11.7)

The proposition is derived using the asymptotic framework employed by Bai (2003)
and Gongalves and Perron (2012) in their analysis of the factor-augmented forecasting
regression model. In particular, it relies on the simultaneous limit theory where both N
and T are allowed to grow simultaneously with a rate of N being at least as fast as v/T. The
bias term of order 7-'/2 is analogous to the bias term in the factor-augmented forecasting
regression discussed by Ludvigson and Ng (2010) and Gongalves and Perron (2012). Bai
(2003) emphasizes that the factor estimation error has no effect on the estimation of the
factor-augmented forecasting regression model if v/T'/N is sufficiently small in the limit
(c = 0). Similarly, in the context of estimating the autoregressive model of the common
factor, the factor estimation error can be negligible for small \/T/N . A special case of

Proposition 1 with ¢ = 0 implies
VT (5= p) % N(0,1-p?) (IL8)

as T tends to infinity, so that the limiting distribution of p in Theorem 1 is same as that
of p given by (II.4). In fact, we can also show the asymptotic equivalence of p and p with

their difference given by p — p = op(T~Y2).7

Therefore, when the number of the series
(N) is sufficiently large relative to the time series observations (7"), the estimated factor
f; can be treated in exactly the same way as in the case of observable f;. Combined with

the consistency of the standard error, asymptotic confidence intervals analogues to (I1.4)

can be used for the two-step estimator p. For example, the 90% confidence interval can be

"See the proof of Proposition 1.
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constructed as
[p—1.645 x SE(p),p+ 1.645 x SE(p)] (1I1.9)

where SE(p) is the standard error of p defined as SE(p) = (oZ/ Zzzgl :271)1/ 2,52 =
(T-1)"'"SF 22 and & = fi — pfis.

When N is small (relative to T'), however, the distribution of p may better be
approximated by (II.7) in Proposition 1, rather than by (II.8). In such a case, the presence
of bias term in (I1.7) can result in bad coverage performance of a naive asymptotic confidence
interval (I1.9). Since the asymptotic bias term —7-1 2cpa)_\4F can also be approximated
by —N _1pa;4f, in what follows, we refer to this bias as the small N bias as opposed to
the small T bias, —27!p, discussed above. Within our asymptotic framework, the small
N bias dominates the small T bias since the former is of order 7-/2 and the latter is of
order T—1. However, it is interesting to note some similarity between the small N bias and
the small T bias. For positive values of p, both types of bias are downward and increasing
in p. However, the small N bias also depends on the dispersion of the factor loadings (%)
and covariance structure of the factor loadings and idiosyncratic errors (I").

To examine the finite sample performance of the two-step estimator p in a sim-
ulation, we now generate x;; from (II.1) with the factor loading A; ~ N(0,1), the serially
and cross-sectionally uncorrelated idiosyncratic error e;; ~ N(0,02), and the factor f; from
the same data generating process as before. The relative size of the common component
and idiosyncratic error in z;; is expressed in terms of the signal-to-noise ratio defined by
Var(\if:)/Var(ei) = 1/02, which is controlled by changing o2. The set of values of the
signal-to-noise ratio we consider is {0.5,0.75,1.0,1.5,2.0}. We also follow Bai and Ng (2006)
and Gongalves and Perron (2012) in considering the performance in the presence of cross-
sectionally correlated errors where the correlation between e;; and ej; is given by 0.5/4l if
li—j| < 5. For a given value of T, the relative sample size N is set according to N = [v/T'/c]
for ¢ = {0.5,1.0, 1.5} where [z] is integer part of . Therefore, sets of Ns under consideration
are {7,10,20} for T'= 100 and {9, 14,28} for T' = 200.

Table 2 reports the mean values of the two-step estimator p, along with the effective

coverage rates of the nominal 90% asymptotic confidence intervals (II.9). The theoretical
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result for ¢ = 0 implies that the coverage probability of (I1.9) should be close to 0.90 only
if N is sufficiently large relative to 7T', but we are interested in examining its finite sample
performance when N is small. The upper panel of the table shows the results with cross-
sectionally uncorrelated errors, while the lower panel shows those with cross-sectionally
correlated errors.

Overall, the point estimates of the two-step estimator p are clearly biased down-
ward when N is small. Compared to the results for the infeasible estimator p in Table 1,
the magnitude of bias is much larger with p reflecting the fact that the theoretical order
of the small NV bias dominates that of the small T bias. In addition, consistent with the
theoretical prediction in Proposition 1, the magnitude with bias increases when (i) p in-
creases, (ii) ¢ increases (or N decreases) and (iii) the signal-to-noise ratio decreases (or I’
increases). For the same parameter values for p, ¢ and signal-to-noise ratio, the introduction
of the cross-sectional correlation seems to increase the bias of p. This effect does not show
up in the first order asymptotics in Proposition 1 since it does not change the value of I'.
However, when the signal-to-noise ratio is highest, the difference in point estimates between
cross-sectionally uncorrelated and cross-sectionally correlated cases is smallest.

The coverage performance of the standard asymptotic confidence intervals also
becomes worse compared to the results in Table 1. For all the cases, the actual coverage
frequency is much less than the nominal coverage rate of 90%. The closest coverage to
the nominal rate is obtained when p = 0.5 is combined with a small ¢ (a large N) and
a large signal-to-noise ratio. In this case, there is about a 2 to 4% under-coverage. The
deviation from the nominal rate becomes larger when p increases, ¢ increases, the signal-
to-noise ratio decreases and the cross-sectional correlation is introduced. The fact that the
degree of under-coverage is in parallel relationship to the magnitude of the small N bias
can also be explained by Proposition 1. When —cpa;‘lf in (IL.7) is not negligible, the
confidence interval (I1.9), which is based on approximation (II.8), cannot be expected to
perform well. In summary, the asymptotic confidence interval (I1.9) may work well in terms
of the coverage rate when N is as large as a half of T' and when the AR parameter is not
close to unity. Otherwise, the presence of the small N bias results in a poor coverage of

the naive confidence interval. The effect of this downward bias becomes more severe as
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the AR parameter approaches to unity. In the next section, we consider the possibility of
improving the performance of the two-step estimator when N is small, by approximating

the true distribution using bootstrap procedures.

The Bootstrap Approach to Bias Correction

In the previous section, we conjectured that the presence of the small N bias is
likely the main source of poor coverage of the asymptotic confidence interval when N is
small. Recall that in the case of correcting the small 7' bias, an analytical bias formula
is utilized to obtain py -~ while the bootstrap estimate of bias is used to construct pgc.
Similarly, we can either utilize the explicit bias function and correct the bias analytically
using the formula in Proposition 1, or estimate the bias using the bootstrap method for the
purpose of correction. For example, Ludvigson and Ng (2010) consider the former approach
in reducing bias in the context of the factor-augmented forecasting regression model. Here
we take the latter approach and employ the bootstrap procedure designed to work with
cross-sectionally and serially uncorrelated errors. To be specific, we set 7;; = 0 for all
i # j in Assumption E(ii). However, in simulation, we also investigate its performance
in the presence of cross-sectionally correlated errors (7;; # 0). We first describe a simple

bootstrap procedure for the bias correction.

Bootstrap Bias Correction I
1. Estimate factors and factor loadings using the principal components method and

obtain residuals €;; = x; — A ft.

2. Recenter €, XZ and ﬁ around zero. Generate z], = X{ﬁ +ej fort =1,...,T by
first drawing A} from X and then drawing ej, fort =1,..,T from ej; given \] = Xj.

Repeat the same procedure N times to generate all zj,’s for ¢ = 1,..., N.
3. Apply the principal components method to z7, and estimate ft*
4. Compute the bootstrap AR coefficient estimate p* from ]A”;*
5. Repeat steps 2 to 4 B times to obtain the bootstrap bias estimator bias* = B~! 25:1 op—
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p where p; is the b-th bootstrap AR estimate and p is the AR estimate from ft The

bias-corrected estimator of p is given by pgo = p — bias*.

Beran and Srivastava (1985) have established the validity of applying the bootstrap
procedure to the principal components analysis. Our procedure slightly differs from theirs
in that we resample z}, using the estimated factor model in step 2.

In the implementation of the bootstrap, theoretically, it is possible that the first
principal components cannot be computed for some bootstrap sample if an associated eigen-
value is extremely small. In such a case, we just set p* = p for the corresponding bootstrap
sample. This modification, however, does not affect the asymptotic property of the boot-
strap estimator of bias.

It should be noted that the procedure above is designed to evaluate the small N
bias in the principal components method rather than the small T" bias in the autoregression.
In order to incorporate both the small 7" bias and the small N bias simultaneously, we may
combine the procedure above with bootstrapping AR models. This possibility is considered

in the second bootstrap bias correction method described below.
Bootstrap Bias Correction I1

1. Estimate factors and factor loadings using the principal components method and

obtain residuals €;; = x;; — X,ft
2. Compute the AR coefficient estimate p from ﬁ and obtain residuals £; = ﬁ — ﬁﬁ,l.

3. Recenter g; around zero, if necessary, and generate €; by resampling from €;. Then
) Y, t Oy p

generate pseudo factors using f; = pfi; + ¢;}.

4. Recenter &; and ); around zero. Generate z%, = i fF + %, for t = 1,...,T by first
drawing A} from X and then drawing ej, for t = 1,...,T from € given A\] = Xj.

Repeat the same procedure N times to generate all zj,’s for ¢ = 1,..., N.
5. Apply the principal components method to z7, and estimate ft*

6. Compute the bootstrap AR coefficient estimate p* from ]A”;*
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7. Repeat steps 2 to 6 B times to obtain the bootstrap bias estimator bias* = B~! Zle op—
p where py is the b-th bootstrap AR estimate and p is the AR estimate from ﬁ The

bias-corrected estimator of p is given by pgo = p — bias*.

The second procedure for the bias correction involves a combination of bootstrap-
ping principal components and bootstrapping the residuals in AR models (Freedman, 1984,
and Bose, 1988). Note that our procedures employ the bootstrap bias correction based on
a constant bias function. While this form of bias correction seems to be the one most fre-
quently used in practice (e.g., Kilian, 1998), the performance of the bias-corrected estimator
may be improved by introducing linear or nonlinear bias functions in the correction (see
MacKinnon and Smith, 1998).

Let P* denotes the probability measure induced by the bootstrap conditional on
the original sample, and let E* denotes expectation with respect to the distribution of
the bootstrap sample conditional on the original sample. The asymptotic justification of
using our bootstrap methods to correct the small N bias is established in the following

proposition.

Proposition 2. Let all the assumptions of Proposition 1 hold with 7;; = 0 for all i # j,
E|fi|® < M, E|N[® < M, Elex|"™® < M, and the bootstrap data be generated as described
in Bootstrap Bias Correction I or in Bootstrap Bias Correction II. Then, as T — oo and

N — oo such that VT /N — ¢ where 0 < ¢ < 0o, B*(5* —p) = =T~ 2cpo\ T +op(T~1/?).

Proposition 2 implies the consistency of the bootstrap bias estimator bias* since
E*(p* — p) can be accurately approximated by bias* with a suitably large value of B.
The proposition also suggests that the bias-corrected estimator pgo = p — bias™ has the
asymptotic bias of order smaller than 7~/2. Since the consistency holds for both Bootstrap
Bias Correction I and Bootstrap Bias Correction II, whether or not bootstrapping AR
models is included in the procedure does not matter asymptotically.

Let us now conduct the simulation to evaluate the performance of the bootstrap
bias correction method. The results of the simulation under the same specification as in

Table 2 are shown in Table 3. For each specification, the true bias is first evaluated by using
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the mean value of p — p in 10,000 replications. The asymptotic bias —71' -1/ 20p0;45 is also
reported. The performance of bootstrap bias estimator based on Bootstrap Bias Correction
I and Bootstrap Bias Correction II is evaluated by using the mean value of bias™ in 10,000
replications. The number of the bootstrap replications is set at B = 199.

The results of the simulation can be summarized as follows. First, results turn
out to be very similar between the cases of Bootstrap Bias Correction I and Bootstrap Bias
Correction II. This finding suggests that the small T bias is almost negligible for the size of
T we consider, which is consistent with the results in Table 1. Two bootstrap bias estimates
match closely with the true bias for both the p = 0.5 and p = 0.9 cases unless the signal-to-
noise ratio is too small. Second, while the direction of the changes of the theoretical bias is
consistent with that of true bias, it only accounts for a fraction of the actual bias. In many
cases, bootstrap bias estimates are much closer to the actual bias than the first-order term
of the theoretical bias. Third, the bootstrap bias estimate does not seem to capture the
effect of increased bias in the presence of the cross-sectional correlation. However, this is
not surprising because our bootstrap procedure is designed for the case of cross-sectionally
uncorrelated errors. Overall, the performance of the bootstrap correction method seems to

be satisfactory.

The Bootstrap Approach to Confidence Intervals

Since the bootstrap bias correction method has been proven to be effective in
simulation, we now turn to the issue of improving the performance of confidence intervals
using a bootstrap approach. Recall that the deviation of the actual coverage rate of a naive
asymptotic confidence interval (II.9) from the nominal rate is proportional to the size of
bias in Table 2. Thus, it is natural to expect that recentered asymptotic confidence intervals
using the bootstrap bias-corrected estimates improve the coverage accuracy. For example,

the 90% confidence interval can be constructed as

[P — 1645 x SE(p), pe + 1.645 x SE(p)] (I1.10)
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The asymptotic validity of the confidence interval (II.10) can easily be shown using the
consistency result of the bootstrap bias estimator provided in Proposition 2.

Instead of using a bias-corrected estimator, we can directly utilize the bootstrap
distribution of the estimator to construct bootstrap confidence intervals. Here we consider
the percentile confidence interval based on the recentered bootstrap estimator p* —p as well
as the percentile-t equal-tailed confidence interval based on the bootstrap ¢ statistic defined
ast(p*) = (p*—p)/SE(p*) where SE(p*) is the standard error of p*, which is asymptotically
pivotal.® For example, the 90% percentile confidence interval and 90% percentile-t equal-

tailed confidence interval can be constructed as

[P — qo.95(p" —P), P — qo.05(P" — P)] (IL.11)

and

[0 — q0.95(t(p")) x SE(p), p — q0.05(t(p")) x SE(p)] (I1.12)

respectively, where g, (x) denotes 100 X a-th percentile of z. We now describe our procedure

of constructing the bootstrap confidence intervals.

Bootstrap Confidence Interval
1. Follow either steps 1 to 3 in Bootstrap Bias Correction I or steps 1 to 5 in Bootstrap

Bias Correction I1.
2. Compute the bootstrap AR coefficient estimate p* or ¢(p*) from ﬁ*

3. Repeat steps 1 to 2 B times to obtain the empirical distribution of p* —p to construct
the percentile confidence interval and of ¢(p*) to construct the percentile-t confidence

interval.

Note that, as in Kilian’s (1998) argument on vector autoregression, p in step 3
in Bootstrap Bias Correction II can be replaced by bias-corrected estimates ppo- without
changing the limiting distribution of the bootstrap estimator. The following proposition

provides the asymptotic validity of the bootstrap confidence intervals.

8See Hall (1992) on the importance of using asymptically pivotal statistics in achieving the higher order
accuracy of the bootstrap confidence interval.
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Proposition 3. Let all the assumptions of Proposition 1 hold with T;; = 0 for all i # j,
and the bootstrap data be generated as described in Bootstrap Confidence Interval. Then, as
T — oo and N — oo such that VT /N — ¢ where 0 < ¢ < 00, sup,eq |[P*(VT(p* — p) <

z) - P(VT(p—p) < 2)| 5 0.

Proposition 3 implies the consistency of our bootstrap procedure in the sense
that the limiting distribution of the bootstrap estimator p* is asymptotically equivalent
to that of p.° Since the limiting distribution of p is given by (IL.7) in Proposition 1, the
same distribution can be used to describe the limiting behavior of p*. Since the coverage
rate of the asymptotic confidence interval around the bias-corrected estimate, given by
(I1.10), approaches the nominal coverage rate in the limit, the same is true for the percentile
bootstrap confidence interval. Similarly, we can modify Proposition 3 and replace p* and
p by their studentized statistics t(p*) and ¢(p) = (p — p)/SE(p) and show the bootstrap
consistency of ¢(p*) and the asymptotic validity of the percentile-¢ confidence interval.!’

Table 4 reports coverage of three confidence intervals based on the bootstrap ap-
plied to the two-step estimator p for p = 0.5 and p = 0.9 cases. Here, for the bootstrap
bias correction method required in the confidence interval (I1.10), we use Bootstrap Bias
Correction II. Similarly, we report percentile and percentile-t confidence intervals based on
Bootstrap Confidence Interval combined with Bootstrap Bias Correction II. The table shows
that all three confidence intervals significantly improve over the naive asymptotic interval
(I1.9) in Table 2. Especially, when T' = 200, ¢ = 0.5 and p = 0.5, the coverage rates of
all three bootstrap intervals are very close to each other and are nearly the nominal rate
regardless of the signal-to-noise ratio. The percentile confidence interval (II.11) seems to
work relatively well when 7" = 100. The percentile-t confidence interval (I1.12) seems to
dominate the bias-corrected confidence interval (I1.10) for all the cases.

As in the case of the bias correction result, the performance of confidence inter-

vals tends to improve when the signal-to-noise ratio increases. Likewise, the performance

9In general, signs of the coefficients in the factor forecasting regression cannot be identified, and Gongalves
and Perron (2012) argue the consistency of their bootstrap procedure in renormalized parameter space. In
contrast, our result is not subject to the sign identification problem since slope coefficients in univariate AR
models can still be identified.

ONote that we are not claiming here the higher order refinement of the percentile-t bootstrap confidence
interval.
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deteriorates when errors are cross-sectionally correlated. Yet, their coverage is much closer
to the nominal rate when compared to the corresponding results for the naive asymptotic
confidence interval. In summary, the percentile-t confidence interval works at least as well
as the bias-corrected confidence interval but does not uniformly dominates the percentile

confidence interval. Therefore, we suggest using three methods complementarily in practice.

Empirical Application to US Diffusion Index

In this section, we apply our bootstrap procedure to the analysis of a diffusion
index based on a dynamic factor model. Stock and Watson (1998, 2002) extract common
factors from 215 U.S. monthly macroeconomic time series and report that the forecasts
based on such diffusion indexes outperform the conventional forecasts.!! We use the same
data source (and transformations) as Stock and Watson and sample period is from 1959:3
to 1998:12 giving a maximum number of time series observation 7' = 478. By excluding the
series with missing observations, we first construct a balance panel with N = 159.' For the
purpose of visualizing the effect of small NV on the estimation of persistence parameter of the
single common factor, we then generate multiple subsamples using the following procedure.
Based on the full balanced panel, we select variables 1, 4, 7 and so on to construct a
balanced panel subsample. Next, we construct another subsample by selecting variables 2,
5, 8 and so on. By repeating such a selection three times, we can construct three balanced
panel data sets with T = 478 and N = 53. Similarly, we can select variables 1, 6, 11
and so on to construct five balanced panel with T' = 478 and N = 31. Since the number
of the series in the full balanced panel and the two subsamples are N = 159, 53 and 31,
corresponding \/T/N are 0.14, 0.41 and 0.71. Since the values of /T /N are not close to zero,

the bootstrap method is likely more appropriate than the naive asymptotic approximation

1The list provided in Appendix B of Stock and Watson (2002) shows that the individual series are
from 14 categories that consist of (1) real output and income; (2) employment and hours; (3) real retail,
manufacturing and trade sales; (4) consumption; (5) housing starts and sales; (6) real inventories and
inventory-sales ratios; (7) orders and unfilled orders; (8)stock prices; (9) exchange rates; (10) interest rates;
(11) money and credit quantity aggregates; (12) price indexes; (13) average hourly earnings; and (14)
miscellaneous.

2The number of the series in the full balanced panel differs from that of Stock and Watson (2002) due to
the different treatment of outliers.
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in the two-step estimation. Diffusion indexes, obtained as the cummurative sums of the
first principal components of panel data sets, are shown in Figure 11. The bold line shows
the estimated common factor using the full balanced panel with N = 159. The darker
shaded area represents the range of common factor estimates among three subsamples with
N = 53, while the lighter shaded area represents the range of common factor estimates
among five subsamples with N = 31. As the asymptotic theory predicts, we observe that
the variation among the indexes based on N = 31 is much larger than the variation among
indexes based on N = 53.

In the next step, we estimate the dynamic structure of three diffusion indexes
using the AR(1) specification. Table 5 reports the point estimates p, naive 90% confidence
intervals (I1.9), bias-corrected estimates pp- and 90% confidence intervals (I1.10), which are
based on the bootstrap bias-corrected estimates. The bias-corrected estimates are computed
with the number of bootstrap replication B = 799. One notable observation from this
empirical exercise is that the size of the bootstrap bias correction is substantial for all three
cases with the size largest in the N = 31 case and smallest in the N = 159 case. In
addition, the non-overlapping range between the naive and bootstrap intervals seems to be
wider when N is smaller. These observations are consistent with our finding in the Monte

Carlo section.

Conclusion

In this paper, we examined the finite sample properties of the two-step estimator
of the persistence parameter in dynamic factor models when unobservable common factors
are estimated by the principal components methods in the first step. As a result of the sim-
ulation experiment with small IV, we found that the AR coefficient estimator of a positively
autocorrelated factor is biased downward, and the bias is larger for a more persistent factor.
This finding is consistent with the theoretical prediction. The property of the small N bias
somewhat resembles that of the small T" bias of the AR estimator. However, the bias caused
by the small N is also present in the large T' case. When there is a possibility of such a

downward bias, a bootstrap procedure proposed in the paper is effective in correcting bias
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and controlling the coverage rate of the confidence interval.

Using a large number of series in the dynamic factor analysis has become a very
popular approach in applications. The finding of this paper suggests that practitioners
need to pay attention to the relative size of N and T before relying too much on a naive
asymptotic approximation. Finally, it would be interesting to extend the experiments to

allow for higher order AR models and nonlinear factor dynamics.
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Appendix: Proofs

Proof of Proposition 1

~ ~ ~ 7/
The principal components estimator F' = [ fi,o0 0, fT] is the first eigenvector of

the T' x T matrix X X’ with normalization 7! Zle f? = 1, where

/
X 11 -+ TN

!
X7 TIT ct INT

By definition, (1/TN)XX'F = Fuyp where vyp is the largest eigenvalue of
(1/TN)XX'. Let vy = N Zz]il E(eiseit), (o = N7! Zﬁ\;(eiseit — Eeiseit)), ny =
N7Lf, Zf;l Nieit, and €4 = N7Lf; Z Ai€is. Following the proof of Theorem 5 in Bai

(2003), the estimation error of the factor can be decomposed as

fo—Hyrfe = oyl 1Zfsvst+T 1Zfs<;t+T 1Zfsnst+T 1Zfs§st
= Op ( 1/2(5 L > + Op (N_1/26NT) + Op (N_I/Q) + Op (N_1/25]7V1T>

= op(NT12)

where Hyp = (ﬁ’F/T)(A’A/N)vX,; and 7 = min{v/N,vT}. From Bai’s (2003) Lemma

A.3, we have plim vyr = O')\O'f —vand plim H%, = plim (F'F/T)(A'A/N)? (F’ﬁ/T)vR% =
T,N—oo T,N—o0 T,N—o0

vodv 2 = Ui(aioi) = af2 = 1.

If f; is observable,

T+41 T+1
VT (- p) ﬁ<2f31> th 1fe — /?th 1
=2
T+1 T+1 -1
_ ﬁ(sz_l) zft - (zft ) 7
=2

T
T-1/2 Z fi—1et +op(1)

t=2
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since T~ 1 Zthl f?2 =1+ o0p(1). If f; is replaced with ﬁ, we have
T+ NP T T+1
VT (p—p) = \/T(Z ff_1> (th—lft—PthZ—l)
t=2 t=2 t=2
T N N N T N N
= 72N fi (ft — pft_1> —T  Ppfp=T7123 " fi4 (ft - Pft—l) +op(1)
t=2 t=2
T T N B
= T '2Hyr Z fro1ee + T2 Z fi—1 {ft —Hnrft—p (ft—l - HNTft—l)} +op(1)
t=2 =2
T T B
= 7720, Z fi_1es — T_l/szftfl (ftfl - HNTftfl)
t=2 t=2

T T
+T7V2N " fi (}; — HNTft) + T2 Hyp Y (fH - HNTftfl) et +op(1).

t=2 t=2
We next show (i) T'p >, feer(fo1 — Hyrfio1) = 2pv72N~'T + or(ON7);
(i) T2, fioa(fe — Hyrft) = po 2N7T 4 op(63%); and (iii) T~ Hyr St o (fio1 —

Hnrfi-1)er = op(Sy7p)-

We decompose the left-hand-side of (i) as,

T
T_lpz fio1(fior — Hyrfio1)
t;Z i . )
= T (fir—Hyrfi1)> +T 0> Hyrfia(fer — Hyrfion)
=2 —2
= p(4+B).

For A, we have,
T T T T o r _

A = T_l Z U&%[T_l Z fs’)/st—l + T_l Z fSCst—l + T_l Z fsnst—l + T_l Z fsé.st—l]2
t=2 s=1 s=1 s=1 s=1

T
= U;[ZTT*I Z(A()t + Are + Agp + Azp)?
=2

where Agy = 77! 23:1 f;’yst_l, Ay = T‘IZL fsCst—la Ag = T*Zle J?snst—l and
Ay =TS0 fita .
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First,

T T T _ T ~ T T
TN AL = T T fove P <TI0 vl
t=2 t=2 s=1 s=1 t=2 s=1

T
= (1723 7] = Op(T7),
t=2 s=1

since T2ES L ST 22 =T 2EYT 42 = O(T™1). Second,

T T T T T
TN AL = T T [P =T (T (fo = Hyrfs + Hyr )G )?
t=2 t=2 s=1 t=2 s=1
T T T T
< TN (fo— Hyrfo) G P+ T T Hyr fuCga)?
t=2 s=1 t=2 s=1
= Op(6y7N ™) = 0p(0y7),
since
T T
Ty T — Hyrfs)Coa? < [T (fs — Hyrfs)? 2ZZC3t 1
t=2 s:l s=1 t=2 s=1

= OP((s]_VzTNil)ﬂ

where the last equality follows from Assumption E(iii), and

T T T T T
THEN TN £y P = TEY [T ZZ Fsfilsi1Ci—1]
t=2 s=1 s=1[=1

t=2

T T T
= T IZT 2ZZEfsfl [Cst—1C1—1]

s=1[=1

2T T
< MT2Y N Elfufi]=0(T7),

s=2 [=1

~+

T T T
T ZA%t = 17 Z[Z(fs — Hnrfs)ng—1 + Z HNTfsnst—ﬂz,
t=2 t=2

s=1 s=1
T

T
= 1" ! Z(AQH + A22t = Z o1t + A%2t + QAgltAQQt)
t=2 t=

61



where Aglt -1 ZS 1( HNTfs)nst 1 and Azgt =T ZS 1 HNTfsnst 1 .We have

T

12Am T (fs = Hyrfs)? 222%1 Op(0 %N,

s=1 t=2 s=1

where the last equality follows from

T T T T N
PEY > e = TN K 71fsz)\ieit—1)2

t=2 s=1 t=2 s=1

T
= Tla ZN QEZ)‘z Cit— 1_ 1);

and
T T N T N
12A22t = HyzT Y O LN e )OO FNT LD Niei1)
t=2 s=1 i=1 s=1 i=1
T T N
= HJQVT(T_l Z f52)2T_1 Z(N_l Z Azeztfl)
s—1 =2 i=1
= NI +o0p(6y%) = Op(637):
and
T
T AgyyAgy < ZA21 "2 1ZA22t = Op(0 5 N"1/2).
=2

Therefore, T~ 1Zt o A3, = N7IT' + 0p(65%) = Op(d ). Fourth,

T T T T
Tt Z A%t = 7! Z T_Q[Z(fs — Hyrfs)€s—1 + Z HNTfsfst—1]2>
t=2 t=2 s=1 s=1
T T
= T71) (Asyy+ Aspe)? =T71) (A3, + Ay + 2431 A32) = 0p(637)
t=2 t=2

where Asy;; = 71 Zg:l(:f; — HNTfs)gstfl and Asg; = 71 ZZ:I HNTfsgstfl. The proof
of 771 Zthl A%lt = Op((S;V%«) and 71 Zthl As14Aze = 0p(5;,2T) is similar to the proof of

71 Zthl A, = 0p(5]_vg_p) and 71 Zle Ao Aoep = 0p((5]_V2T). For the remaining term,

T T N
- Z AZyy = Hip (T Z; ot Z; N Z; fshieis)® = Op((NT)™1),
t= s= i=
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since

T N

T N
TTINT'Y Y fdie)® = E[TPNT 222@%2& et
s=1 i=1 s=1 t=1
T

T
= MoSE[T >N 'Y > fufd = O(NT)™).

s=1 t=1
Using the Cauchy-Schwartz inequality, we can show that 7! Zthz AAgy = 0p((51_\,2T),
71 ZtTZQ At Az = 0p(6&2T), and 771! Zthz Ao Az = 0p(5]_v2T). By combining all the
results, we have A = T! ZtT:z(ﬁ,l — Hyrfi1)? = ’UNTN T+ 0p(5N2T) = 2N IT 4+
op(d5%). For B,

T T
B = HNT'U;/';“T72 Z Z[ft—lﬁstt—l + ft—lj‘;Cst—l + ft—lﬁnst—l + ft—l.};gst—l]

t=2 s=1
= Hnrvyr(Bo+ B+ Ba + Bs).

First,

T T T T T
By = T_QZ ferfsvg < [T Zfsz]l/2[T_1 Z(T_l th*ws"*ly] "
=2 s=1 s=1 =2

S s=1
= OP(T_1)>
where
T T
T'EY (T fiavea)® = 3EZT QZth Vi1V se-1Vsi-1
s=1 t=2 t=2 [=2
= O(T‘z).
Second,

T T T T T
Bi = T3> frafiCam ST RIVPTT 3T Y0 feaCan)
t=2

t=2 s=1 s=1 s=1

— Op((NT)™V2).
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Third,
T T _
B = 1Y e <0 SRS th )

=2 s=1 s=1 s=1
tT i . .

SR Y NS e 1
s;l ~ s:; 1=2 . z]:Vl

= [ PR @ TINTIDY S 1))
s=1 s=1

t=2 i=1

— Op((NT)™V2).

Fourth,

T T
By = T2Y > fiafly=T 2Zth 1(fs = Hyrfs + Hnr fs)€s—1

t=2 s=1 t=2 s=1

= QZth 1(fs = Hnrfs)€—1 + 1 2Zth VHNT fs€st—1
t=2 s=1 t=2 s=1

= Bz1 + Bss.

For Bgl,

T T N
By = [T 20 (fo— HyrfoNT' ) Neis]
=2 s=1 =1

T T
= 77 Z v]?[%“ Z [fives + ftCts + ft77ts + ftfts Z Aieis + OP(5N2T)

s—1 t=1 i=1
= (B0 + Bai1 + Bsi2 + Bsiz) + op(dy7),

where
T T N
Byg = T2 Z Z fevee N1 Z Ni€is
s:; t=1 . .
< [ Z Z VT Z(Nfl Z Nieis) ]V = Op(éj_vlTNfl),
s=1 t=1 s=1 i=1
and
T T »
B311 = T72 Z Z ft(tsN Z A €is
8:; t=1 i=1 . N
< T 12 1th< 1/2 Z(N_leieis)2]l/2:OP((SR/%TN_l),
s=1 s=1 i=1
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and

T T N
Bzig = T2 Z Z fems N~ Z Nieis = (T AMITTY (NTHY - Neis)?]
i=1

s=1 t=1 t=1 s=1
= HyntN™ F+Op(6NT).

and
T T N
Byis =T"" Z Z fi — Hyofi + Hyp f) & N Z Aieis = Op(6 - N7Y),
s=1 t=1 i—1
since
T T N
T Z Z ft - HNTft)ftsN_l Z Ai€is
s=1 t=1
T . N
< [ 1Z<ft Hyr fo)?)M? (T~ 12 126155]\]712)\1’61«9)2]1/2
t=1 et = P
T T T N
< U= Hve TR0 60T YN de
t=1 s=1 s=1 i=1
— OP(éN}T 1T 1/2)7
and
T T N T N
T72 Z Z HNTftgtsNil Z Aitis = HNTT72[Z Nil Z fs)\ieis]z.
s=1 t=1 i=1 —1 P
— Op((NT)Y).

Thus, By = HNTUNTN ir + OP(éNT) For Bss,

B3y, = QZth 1HNTfofs1 =T~ HNTZth 1fs N~ th 1Ai€is

t=2 s=1 t=2 s=1

Y RTINS fohen) = Op(NT) V)

s=1 i=1
Therefore, B3 = HNTUK,%FN_lF + 0p((5jv2T). By combining all the results for By, Bs and
Bs, we have B = T~! Zthz HNTft,l(ft,l — Hyrfi1) = NTUNQTN T+ OP((SNQT) =
v 2N7IT + 0p(65%). Thus, T~1p S, fio1(feor — Hyrfio1) = p(A+ B) = p(v 2N1T +
v 2N7IT) + op(d3%) = 2pv 2N 7T + op (6 5%).
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To show (i7), we can decompose the left-hand-side of (i7) as

T T

Ith W(fi—Hnrfo) =T (fioa—Hyr fi) (i Hyr f)+Hye T foa(fi—Hyr fo).

t=2 t=2 t=2
The proof is almost the same as the proof of (). We only mention the difference. To show

T Zle(ﬁ—l - HNTft—l)(ﬁ - HNTft) = 0P(51_\/2T)7 we need use

T
71 Z(ﬁ—l — Hyrfio1)(fo — Hyr fy)
=2

T T

N T N
= R Hp T3 Z Z fs N7 Z )\ieitfl)(z FNTUf Z Aiei) + op(657)
t=2 s=1 i=1 s=1 i=1
T T

N N
= oy HRrT 2O 22D (N New- 1) (N Nieir) + op(S57)

=1
= op(Onr).

To show HypT ! ZZ;Q ftfl(ﬁ — Hyrft) = pv 2N~ + Op((S;V?T), we need use

T T T

HyrT™! Z fioa(fe — Hyr f2) T! Z foa f)lT1 Z(f Hyrfs)N Z Aieis] + op(d 3
t=2 tfj? s=1 N =1

= pT_l Z( — Hnrfs)N IZ)\ €is +0P(5NT)

=1

= pHNrN T +op(05%)-

To obtain the result (iii), we first decompose the left-hand-side of (iii) as

T
T 'Hyr Z(ftq — Hnrfio1)e
t=2
T T » B _ »
= HypogpT2Y 0 [fevaiee + foCooaer + feng1e + Fofg1et]
t=2 s=1

= Hyroyr(Co+ Ci + Ca + Cs).

For Cy,

T

T T
Co = T3 D frue < 12]"2 Y Y e
t=2

t=2 s=1 s=1

T T
= [T YN A=) = Op((NT) ),
s=1 t=2
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where the last equality follows from

T T N

T T
N BT ygae)? = T BT NN E(eiieis)ler)’

s=1 t=2 s=1 t=2 =1

For C1,

T
6= TEY Y Fuas 1Zfs Y Y e
t=2

t=2 s=1 s=1
— Op((NT)Y2),

where the last equality follows from

T

T T T N
Y ETTY Caas)® = TN B(TTYINTTY (e
s=1 t=2 s=1 t=2 =1
N
2

T
= o' T?EY [N~

s=1 t=2 %
— O(NT)™),

For Oy,

T
22 Fangaer < 1Zf2 V2T Z(T*th_m)z]m
t=2

t=2 s=1 s=1
where the last equality follows from

T

T T T
Y BTy ngas)’ = ofTTY BTy k)
=2 s=1 =2

s=1

it—1€is —

€it—1€is —

eltfleis))]gt)Q

61257161'5))]2

= OP((NT)71/2)7

T T N
= or? Z E[T2 Z(N_l Z fshiei-1)?]
s=1 t=2 =1

T

N
= 02037 ?ED) (N Niew1)?) = O(NT) ™).
i=1

t=2

Similarly, we can show C3 = Op((NT)~/?). By combining all the results for Cp, Ci,

(5 and ('3, we have T_IHNT 23;2(]?;_1 — HNTft—l)gt = Op((NT)_l/Q). Finally, we use
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H%., —1=o0p(1) and T"2N~1 — ¢ = o(1) to obtain
T
VT (5 —p) =T Z fi_16¢ — cpv T + op(1).
t=2
The desired result follows from the central limit theorem applied to the martingale difference

sequence f;_1g; with E(f? 16?) = 1 — p? combined with Slutsky’s theorem.

Proof of Proposition 2.

In this proof, we only derive the limiting behavior of E* (p* — p) = [(ZTJFI ) -
EtT:2 ft*_lft*] — p based on Bootstrap Bias Correction Il because the proof for Bootstrap
Bias Correction I is similar but simpler. The bootstrap principal components estimator
F* = {ff, e ,f}]/ is the first eigenvector of the T' x T' matrix X*X* with normalization

T-1 Ele j?g"2 = 1, where the bootstrap sample is given by

*/ * *
Xi T 0 T
X* = =
*/ * *
_XT_ | Tir 0 INT

Analogous to the original version, we have (1/TN)X*X*’F* = v} F* where v,
is the largest eigenvalue of (1/TN)X*X*. Let ¢t, = NV SN ex e, nf, = N7LUE SN Arer,
and &, = N71fF ZN Arel, = nj,. The estimation error of the factor can be decomposed

Z’LS

as
~ T ~
[ = Hypff = oygp T™ 1Zfs<st+vNT1T IZ 775t+UNT1T_IZf:f:t
s=1 s=1

where HYpn = (¥ F*/T)(A*A* /N)vi,+. From Lemma C.1 of Gongalves and Perron (2012),
with mutual independence of f;, \;, and ey and E|f;|® < M, E|\|® < M, Eley|'® < M,
we have (a) T ST | fi— Hyr fil® = Op(1); (b) NP N [N —Hyb A = Op(1); and (c)
(NT)E o, S, 88 = Op(1). (a), (b) and (c) imply that E*(ef) = (NT)"L N0, S & =
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Op(1),
N s N _ N
E AP =N N <8N N = Hyphl + ) HypAL®) = Op(1),
i=1 i=1 =1

and

T
E'® = T'Y (fi—pfi-1)®

~
Il
N

[fe — Hyrfo + Hyr ft — p(fi1 — Hyrfi1) — pHNT fra]®

[M]=

= 71

w
Il
—

T
< AT (fe = Hyefo)® + (Hyr f2)* + p*(fer = Hyr fo1)® + (PHNT fr-1)°)
t=1

= 0p(1).

We denote S = op«(ap') if the bootstrap statistic Si satisfies P*(ar|Sk| > 6) = op(1) for
any 6 > 0 as agp — 00. We have vy = v* + op«(1), where v* = X3 ¥}, ¥} = NA/N =Py

and X}, = F'F/T =1, and H32. — 1= op+(1) because
Hip = (FF*T)(AYA* /N (FYF* T)oyg = S5 + 0 (1).

Note that v}, is the largest eigenvalue of a positive semi-definite matrix (1/7N)X*X* and
U —P" 1 > 0. By the construction of our bootstrap procedure, vy has a lower bound
and (T'N)~!X* X" is non-zero for all bootstrap samples. Because v is greater than some
small positive number € in our bootstrap procedure, we have E*v}k\,}fl =v"*40p(1). Even if
there is no lower bound, P*(vip > €) — 1 holds and thus the effect of such a modification
in our procedure on the distributions of random variables A}, f7, and e}, is asymptotically

negligible. We can also show E*H3% = 1+ op(1) and E*Hjtr = 1+ op(1) by using the
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following argument. We have
T ~
Tt Z(ft*fl — Hypfi1)?]
t=1
T T T T
= TﬁlE*{Z N [T Z fiCha+T71 Z iy +T7 Z fr&1?}
t=1 s=1 s=1 s=1
T
= U}kViTQE*{Til Z( T+ AS + A5)%)
t=1

T
< €PEHTTNY (Af+ A+ AR,

* — T 7% % * — T 7% x
where A7, =T ! Yot JiCao1, Ay =T 123:1 Jing—1 and A3, =T~ ! Zs 1f Est—1-
First,

T T T
BTy A7 BTy [T Zf:czt_ﬂ?}
t=1 t=1

T
T—lZEQ QZZCst 1

t=1 s=1

= {E[r 2ZZ<st =1 QZZN 2E*Z€f§ il

t=1 s=1 t=1 s=1
= Op(6x7),

IN

provided E*eft = Op(1). Second,

T
BT Y A5ty = BT 12 Z N sz €it-1)
t=1

= E*{T 12 Z.]E 1Z>‘z zt
-1 Z JE;2)(T71 Z fs*2)T71 Z( -1 Z Az zt
3;1 5;1 ]z‘;[—l
= BT ) fONTTY NTEETY AP
s=1 t=1 i=1

T T N
= BT SN N Y ENEE )
s=1 t=1 =1

= OP(6]_\/2T)7

N

N

IN
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which follows from E*[T-' S0 2] = 7-1S°T /2 =1 and E*\* = Op(1). Third,
T T
ETT' Y A} = BT (T 1ZfN 12& €5
t=1 t=1
T ~
< E*{<T*12f§2)(T*IZﬁ‘2)[T* Z IZ& €is)
t=1

s=1

T
— (BT Z TN Y S )

s=1i=1
_ 0n532).

Using the Cauchy-Schwartz inequality, we can show that E*[T-1 317 A% A3,] = Op(65>),
E*T' Y, AL A3 = Op(dy7), and EX[T™1 31 A3 A35] = Op(dy7). Therefore, we
have E*[T-' ST (ff ) — Hypfi1)?] = Op(dy%)- Since H3Z. = 1+ o0p«(1), with Markov’s
inequality we have E*Hi2, > 1+ op(1). Also, with E*[T~'S°L (ff, — Hpfi1)?] =

Op(537),
E*HZ, = E[T'F'F—T Y (F* - HypF)F)?

= EYT7'FYF)? + E [T (F* — HypF) F)? = 2EB*[T2F* F(F* — HypF)'F]

IN

EXT I E NI F|]) + op(1) = 1+ op(1).

Therefore, E*H32, = 1+ op(1).Similarly, with E*e}?, E*\8 and E*er® bounded in proba-

bility, we can obtain E*[T~* S (ff 1 — Hyrfi1)Y = Op(dyh) and E*HiY = 1+0p(1).
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The bootstrap bias estimator can be decomposed as

T+1 N\t 1T T+
= E*{(Z f;ﬂ) O fiali =p ) 12
t=2 t=2

L (=l )| - T e R

o h

—_ T—lE*[

-
[|
V)

Fia (B = pfica )| + op(T71/2)

M=

— T—IE*[

I
[N}

T
fi {ft Hyrff — b <.E*71 - HXfot*—l)} + Hyrp Z fiae] +op(T7Y?)

t=2

M'ﬂ

— TflE*[

I
[\

T
= T lE*[H} th 1€7] 71E*[f)2ﬁ11 (ﬁ*fl - H]t/Tfiil)]

t=2

T
VB o (7 Ha )+ T B i Y (B — i i) 6]+ o1

t=2 t=2
Note that third equality follows from T_lE*fsz = OP(T_l/ 2) which can be shown by using
the decomposition T—1E* H32, f+2 —|—T*1E*(f} — H3p f4)%. The leading term can be written

as

T IE* Hyr th 167 +th 16¢] 1E* Hy?r th 167]

IN

{E*[HNy — 2HN + 1]T_2E*[Z fras Py
=2

B R~ T R = oplT ),
t=2

where we use the fact E*[H3%,—1]2 = op(1). In what follows, we show that (i) T~ E*[p Y1, ft*_l
(Fis = Hip i )] = 2N"Lou™ 4 0p(TY2); (i) THE 0 X0y Jiy (F7 = Hyyf7)] =
N=1pv 2T +op(TY2); and (iéi) T~ E*[Hyp 3o (fi1 — Hyplio)ei = op(T7Y/?). The

proof of (i) to (#4i) is similar to the proof of Proposition 1. For (i),

T
T EY Z i1 (fiy — Hypfi1)} = p(A" + BY)
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* * — T £ * * * * A*
where A* = EX{T~1 30, ,(fi-y — Hypfio1)?*} = UNTQE {r! Zt 1 (A7, + A3y + A%,)?} and
B* = BT ', Hypfioy (fir — Hypf7-1)}. To show A* = v 2N7IT + 0p(637), we
can focus on dominant term A3, which is analogous to the dominant term Ay in the proof

of Proposition 1.

T T T
E*{”EJ?T 1214;? = TE* * ZZ — Hyrfs)ng— 1+ZHNTf Mot 1] )
t=2 t=2 s=1 s=1
T
= TﬁlE*U}k\fT2 (A3, + Asy)?
=2
T

= T 1E*UNT Z(Azu + Aigt + 2451 A5),
t=2

where A3y, = T35, (s — HypSS)ni—y and Ay = T35, Hypfini_y. Further-

more,
T ~
T B, ﬁZAm < PEHITTNY (ff - Hyrf2)? QZZnst )
s=1 t=2 s=1
T ~
= BT (ff = Hyr [P EX[T QZZ% Y
s=1 t=2 s=1
= Op((TN)/?),
and
T
1E*’UNT ZAZ% - IE*(U%}QHJ?T HRTT2ZA221$ +T1" IE* _2HRTQZA22t7
t=2 t=2 t=2
where
T T N
T lE* _QH;/T2ZA221€_ _2E*[T_3Z(Zf; lfsz 7 zt 1)2]
t=2 t=2 s=1 i=1
T
= E{o(T Y )T Z IZAZ ¢io1)
s=1 t=2

T T
= o 2B TN SRR T Z 12& €it-1)
s=1 t=

= 0 INTID 4 op(T7V2) = op(aNQT)
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where the last equality follows from

T N T N
TEY (NS ) = TN SN
=2 i=1 t=2 i=1
= '+ Op(l),
and
T
T B i i — T2 A
t=2
T T N
= B Hir —v )T 2 (N e )Y
s=1 t=2 i=1
T T N
< EoRZHNr —v )BT Y NI N )
s=1 =2 i=1
= op(dn7),
and
T T T
TOUE WY A, < BRIV Y AR Y AR
=2 t=2 =2

T T
< CHETT Y ARIETTY AR = op(y7)-
t=2 t=2

Therefore, T~ E*v}? ST A2 =v2N-IT 4 op(d3%) = Op(65%). By combining all the
results, A* = v 2N7'T + 0p(J %) For B*, we have
T T N N N
B* = E{Hyrop T2 ) > i fiCon + flafimies + [a fi&al)

t=2 s=1
= (By+ B3+ B3).
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First,

T T

By = 1T° 2E* [HNnrvNT Zth 1f Cot—1]
t=2 s=1

T T

T
E{[T™ Hypvny Zf21/2 Z(Tﬁlzftl(:tqﬂm}

s= s=1

IN

T
= E*{[HNTU T IZ Ith lN lzezsezt 1 }1/2
s=1 =

< {72E*[H*2 ]E* Z Ith 1N 1Zezsezt 1 }1/2

S=

— Op((NT)™7),

Second,
T T
B; = 2E* [HynroNr Zth 1f ey
t=2 s=1
T
< EY{[HNyr T IZf Z IZ framy )2
s=1 t=2 s=1
= E"{H TUNT Z 1th*_177§t_1)2]}1/2
t=2
T T
< APEHRFE T (T fram) I}
s=1 t=2
— Op((NT)™/?).
Third,
T T B
By = 2E*[HNTU;<\7_1Zth*flf:fgfl]

~+
[\
)
Il

1

ft*fl(f: — Hypfs + Hyrf3)E -]

M=
E

— T B[Hjroh
t=

w
Il
—

s
T

T T T
= T2E{Hpong DY fia(fe = Hip D€+ > > fiHyp f2€0 1}
t=2 s=1 t=2 s=1
= B3 + B3,.
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*
For B3y,

T T
B;;l = E*{HNTU T Z Zfs HNTfs IZAZ zs

t=2 s=1

T
= T X;HNTU?(V z;ft Chs + Iy + FFELIN 12)‘1 Cis
s t=

= (B3 + B3ia + Biig),

where

T T
B;ll = 1 QE* HNTU;(\T Zz.f Cts 12)‘1 €is

s=1t=1

T T
E*{[ 1HNTU Zf 1/2 T—SZ(ZC; 12)‘2 €is 1/2}
t=1

t=1 s=1 =1

E*{[HNT jfk\/']fL 1/2 32 ZCts IZAz zs 1/2}

t=1 s=1

B Z S IZAZ EAR Ik
s=1

= Op((NT)™'/?),

IA

IN

IN

and

B§12 = E HNT NTQT 2Zth* :;SN IZAz €is
s=1 t=1
T

= E*{HNTU T 1Z:ftft Z 12)‘1 'Ls

= E*{U_z(T_lzft*z)[T_ Z 12)‘1 €is

s=1

B (HZ 052 —v—2)(T—1th*2)[T‘ Z 12& ey

s=1

T
+E{HJ>§7TU* Z HNTft ft] Z 12)‘1 €is
2?
T

s=1
— 0N IT 4 0p(332) + 0p (032,
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and

since

IN

IN

IN

IN

and

T T
Bys = T 2E[Hyvng ZZ( — Hyrf + Hyr 76N 12)‘@ Cis
s=1t=1

= OP(5NTN )7

T T
r- 2E* HNT’U;(V72ZZ( HNTft Sts IZAz €is

s=1 t=1

T T
{[ NT 7\7T IZ HX[Tft 1/2T Z 125:5 12)\2 'Ls 1/2}
t=1 s=1
T T T
{E*[ %—42 HNTft T Z 125?& 1ZAZ €is }1/2
=1 s=1
It“ T T
_2{E* Z HNTft T 12 1262(5 12)‘1 €is }1/2
B T = T B T
6_2{E*HJ>§%TE*[T_1 Z( HNTft Z 125:3 IZAZ €is }1/2
= t=1 s=1
Op((NT)™'/2),
T T
T2 B HZ o Y S fi€hN 12& s
s=11t=1 =
T
= E{HipoR [T ) N” IZfsAf eil’}. = Op((NT)H2).
s=1 =

Thus, B = v 2N"!T + 0p(d55). For B,

T T
B3 = E*[H;/QTU?V_TlT72Zth*flfgfztfl]

t=2 s=1

= [ NTUNTlT 2Zth 1f N~ Ith 1)‘1 'Ls

t=2 s=1

= B Y N Y ) = Op((NT)
t=2

s=1i=1

Therefore, Bf = v"2N~!T + op(65%). By combining all the results for Bf, B3 and B3, we

have B* = v"2N"'T+op(dy%). Thus, E*[T1 Y0, fi ) (fiy—Hir fiy)] = p(A*+B*) =

7



200" 2N~IT + 0p(65%) which completes the proof of (i).

To show (i7), we use a similar decomposition as (7),

T
TE*DY fia(ff — Hyr f7)
t=2
T B T »
= BT (fi — Hiofi ) = Hipd?) + T Hyrp Y i (ff = Hyr 7))
t=2 t=2

Since the proof is almost the same as the proof of (i), we only mention the difference. To

show T=VE* S0, (fiy = Hyp £ ) (ff = HiypfF) = op(357), we need to use

T
TE* Z(fttl — Hypfie ) — Hyr ff)
t=2
T T T
= E[ NT NTT 32 Zf*N lfs ZAl Cit— 1 Zf: lfs ZAZ 'Tt +OP NQT)
t=2 s=1
T T
= E [HNT NT Zf222 1ZAZ €it— 1 ZAZ zt +OP 5N2T)
s=1 t=1
= op(532)-

To show E*[H, T~ 'L, fr(fr - Hip 7)) = pv™2N7IT + 0p(63%), we need to use

T
E*[HNT™! Z fia(ff = Hyr f)]
=2

T T
= E*{[T—lzf:_lf:][T—12<f — Hirf2)N 12& er]} +op(O37)

s=1

T
= Z Z f _HNTf 12)‘1 €is +OP 6N2T)
s=1

= pu ’N” 1F+OP(6N2T)'

To obtain the result (iii), we have

T
T E*[Hyr Z(ft*—l — Hyp fio1)ed]
=2
T T B B
= E"{Hxrvyy T~ QZZ[fﬁéﬁtfléerf:?ﬁthf+f:§2t71€f]}

t=2 s=1
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For CT,

T T
ci = T~ B HNTUNTlZZf Cot—15¢]
t=2 s=1
T

T T
< EYTNY (Hypond PP Y (1Y G
s=1

s=1 t=2

< {BHR NP E T Z 1Z<St 1)

= Op((NT)™'/?),

where the last equality follows from

T T T T N
TN BT Y ) = T BTSN Y el geller)?
s=1 t=2 s=1 i=1

t=2
T T N

= o7} Z T2E* Z[N_l Z ehreh)?
s=1 t=2 =1

= Op((NT) ™).

For C3,

T T
C; = E{HypoypT2) ) fimbaer}

t=2 s=1

T T

< 1ZH ViR YT Z(T*anmfe:)ﬂm}
s=1

< {EY XIT }kVT)E* Z 12%1& 1€7) }1/2

s=1
— Op((NT)Y2),

where the last equality follows from
T T T
D S YL N
s=1 t=2 s=1
T
- U*QT”ZE*[T‘22( 1Zfs fei)
s=1

!

= T E Y NS Nk = Op(NT) )
1=1

t=2

79



Similarly, we can show C§ = Op((NT)~'/2). By combining all the results for C}, C and
C3, we have E*[T 1 H}, ZtT:Q(ﬁ*_l — Hipfi1)ei] = Op((NT)~Y/2) which completes the

proof of (iii). Finally, the desired result follows from

E*(p*—p) = —2N"'pv 2T + N~ po 2T 4 0p(T7Y/?)
combined with v = 02 and TV/2N~! — ¢ = o(1). |
Proof of Proposition 3.

The dominant term of the bootstrap estimation error can be decomposed as
VT (5" = p) =T~ th L (F = pfis) +op- (1)

T T
- TN T {Fi = Hird7 =5 (Fy = Hinfin) )+ TP Hip Y Fioasi + o (1)

t=2
T
= UZH* th 16¢ — 71/2?2};*71 (ﬁil - HX/Tf:A) +op«(1)
t=2
T
ey g (Fr = Hin ) + T2 130 Y (T = Hirfia) & + op- (1),
t=2 t=2

The leading term can be written as
T
T2 (H¥r — th 6r + T UQth 16 = 71/2th*715: + op-(1).
t=2
The last equality follows from the fact that H3Z — 1 = op«(1). E*(ef), E*(\*), and
E*(e;*) are bounded in probability because of mutual independence of f;, );, and e; and
E|f)* < M, E|N* < M, and Eley|® < M. Analogous to the proofs of Propositions
1 and 2, we have (i) T 50, fi 4 (f;;l — Hip fg;l) = 200 2N"IT + 0%, (552); (i)
Ty Jir (i = Hirf7) = po N0 4 0p(033); and (idi) T i Y0 (fiy —
Hipfi1)er = 05(d57). Therefore,
T
VI =) = T2 fi it — cpoi T + op(1).
=2
We apply the bootstrap central limit theorem to the term 7-1/2 Zthg fiief. Since E*[f7 7]

fi9ef_1,...] =0, we can use the central limit theorem for the martingale difference sequence
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under the bootstrap probability measure and thus P*(v/T(p* — p) < ) approaches normal
distribution function with mean —cpo ‘" and variance E*(f;?e5?) = T~ S, f2 182 un-
der the bootstrap probability measure. Combining it with 7! Zt 9 f2.8 =P E(f2 e} =
1—p?, we have P*(VT(p* —p) < ) — P(VT(p—p) < ) —F 0 for any x. By using Polya’s

theorem, we have the uniform convergence result. [
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Table 1: AR Estimation

Estimator
p T 0 OKBC  PBC Coverage Rate
0.5 100 049 050 0.50 0.90
200 0.50 0.50  0.50 0.90
0.9 100  0.88 0.90 0.90 0.90
200  0.89 090 0.90 0.90

Note: Mean values of the OLS estimator (p), the Kendall-type
bias-corrected estimator (pxpc) and the bootstrap bias-corrected
estimator (ppc) and coverage rates of the asymptotic confidence
interval (5) in 10,000 replications.

Table 2: Two-Step AR Estimation

0 Coverage Rate
p T ¢ S/N=05 0.75 1 1.5 2 S/N=0.5 0.75 1 1.5 2
(A) No cross-sectional correlation

0.5 100 0.5 0.42 0.43 0.44 045 0.46 0.77 0.82 0.84 086 0.86
1 0.36 0.39 041 042 044 0.58 0.69 0.73 0.79 0.82

1.5 0.32 036 0.38 040 041 0.44 056 0.64 0.73 0.76

200 0.5 0.45 0.46 0.46 047 047 0.79 0.83 0.85 0.87 0.88

1 0.41 043 0.44 045 0.46 0.60 0.70 0.75 0.81 0.83

1.5 0.36 0.40 0.41 043 044 0.39 0.53 061 0.71 0.77

0.9 100 0.5 0.73 0.77 0.79 0.81 0.82 0.25 0.40 0.47 0.58 0.63
1 0.62 0.68 0.71 0.75 0.77 0.07 0.13 0.22 0.32 041

1.5 0.54 061 0.65 0.70 0.73 0.03 0.07 0.11 0.19 o0.27

200 0.5 0.80 0.82 0.83 0.85 0.85 0.27 042 0.51 0.62 0.70

1 0.72 0.76 0.78 0.81 0.82 0.05 0.12 0.21 0.35 043

1.5 0.65 0.70 0.73 0.77 0.79 0.01 0.04 0.08 0.16 0.25

(B) Cross-sectional correlation

0.5 100 0.5 0.40 042 0.44 045 045 071 079 0.81 0.84 0.86
1 029 035 0.38 041 042 0.39 055 0.65 0.73 0.78

1.5 0.21 0.28 0.32 0.37 0.39 0.24 039 049 0.61 0.69

200 0.5 0.44 0.45 0.46 047 048 0.75 0.82 0.84 0.86 0.87

1 0.37 041 0.43 045 0.46 0.44 061 0.69 0.78 0.82

1.5 028 034 0.38 041 0.43 0.22 038 049 0.64 0.70

09 100 0.5 0.67 0.74 0.77 0.80 0.81 0.19 033 043 0.54 0.61
1 0.44 0.56 0.63 0.70 0.74 0.05 0.11 0.17 0.29 0.38

1.5 0.32 0.44 0.52 0.62 0.67 0.02 0.06 0.10 0.18 0.24

200 0.5 0.78 0.81 0.83 0.84 0.85 0.22 0.37 048 0.61 0.66

1 0.63 071 0.76 0.80 0.81 0.05 0.11 0.18 0.31 0.40

1.5 0.46 059 0.65 0.73 0.76 0.01 0.05 0.08 0.16 0.23

Note: Mean values of the two-step estimator (p) and coverage rates of the asymptotic confidence
interval (10) in 10,000 replications. S/N denotes the signal-to-noise ratio.
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Table 3: Bootstrap Bias Corrections

T =100 T = 200
p c S/N =0.5 0.75 1 1.5 2 S/N =0.5 0.75 1 1.5 2
(A) No cross-sectional correlation

0.5 0.5 bias -0.08 -0.07 -0.06 -0.05 -0.05 -0.05 -0.04 -0.04 -0.03 -0.02
asy bias -0.05 -0.03 -0.03 -0.02 -0.01 -0.04 -0.02 -0.02 -0.01 -0.01

bias I* -0.05 -0.04 -0.03 -0.02 -0.02 -0.04 -0.03 -0.02 -0.01 -0.01

bias IT* -0.07 -0.06 -0.05 -0.05 -0.04 -0.05 -0.04 -0.03 -0.03 -0.03

1 bias -0.13 -0.11 -0.10 -0.07 -0.07 -0.09 -0.08 -0.06 -0.04 -0.04

asy bias -0.10 -0.07 -0.05 -0.03 -0.03 -0.07 -0.05 -0.04 -0.02 -0.02

bias I* -0.08 -0.07 -0.06 -0.05 -0.04 -0.06 -0.06 -0.04 -0.04 -0.03

bias IT* -0.09 -0.09 -0.08 -0.07 -0.07 -0.07 -0.06 -0.05 -0.05 -0.04

1.5 Dbias -0.18 -0.14 -0.12 -0.10 -0.08 -0.13 -0.10 -0.09 -0.07 -0.06

asy bias -0.15 -0.10 -0.07 -0.05 -0.04 -0.11 -0.07 -0.05 -0.04 -0.03

bias I* -0.09 -0.08 -0.08 -0.07 -0.06 -0.08 -0.07 -0.07 -0.06 -0.05

bias IT* -0.10 -0.10 -0.10 -0.09 -0.08 -0.09 -0.08 -0.08 -0.07 -0.06

0.9 0.5 bias -0.17 -0.13 -0.11 -0.10 -0.09 -0.10 -0.08 -0.07 -0.06 -0.05
asy bias -0.09 -0.06 -0.04 -0.03 -0.02 -0.06 -0.04 -0.03 -0.02 -0.02

bias I* -0.09 -0.08 -0.07 -0.05 -0.04 -0.07 -0.06 -0.056 -0.03 -0.03

bias IT* -0.13 -0.12 -0.10 -0.09 -0.08 -0.09 -0.07 -0.07 -0.05 -0.05

1 bias -0.28 -0.22 -0.19 -0.15 -0.13 -0.18 -0.14 -0.12 -0.09 -0.08

asy bias -0.18 -0.12 -0.09 -0.06 -0.05 -0.13 -0.08 -0.06 -0.04 -0.03

bias T* -0.14 -0.13 -0.11 -0.10 -0.09 -0.12 -0.10 -0.09 -0.07 -0.06

bias IT* -0.17 -0.16 -0.15 -0.14 -0.13 -0.13 -0.12 -0.10 -0.09 -0.08

1.5 Dbias -0.36 -0.29 -0.24 -0.20 -0.17 -0.26 -0.20 -0.17 -0.13 -0.11

asy bias -0.27 -0.18 -0.14 -0.09 -0.07 -0.19 -0.13 -0.10 -0.06 -0.05

bias I* -0.15 -0.15 -0.15 -0.14 -0.12 -0.15 -0.14 -0.12 -0.11 -0.09

bias IT* -0.18 -0.18 -0.18 -0.17 -0.16 -0.16 -0.15 -0.14 -0.13 -0.11
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Table 3 (continued)

T =100 T = 200
p c S/N =0.5 0.75 1 1.5 2 S/N =0.5 0.75 1 1.5 2
(B) Cross-sectional correlation

0.5 0.5 bias -0.10 -0.08 -0.07 -0.05 -0.05 -0.06 -0.04 -0.04 -0.03 -0.02
asy bias -0.05 -0.03 -0.03 -0.02 -0.01 -0.04 -0.02 -0.02 -0.01 -0.01

bias I* -0.05 -0.04 -0.03 -0.02 -0.02 -0.04 -0.03 -0.02 -0.02 -0.01

bias IT* -0.07 -0.06 -0.05 -0.05 -0.04 -0.05 -0.04 -0.03 -0.03 -0.03

1 bias -0.21 -0.15 -0.12 -0.09 -0.08 -0.14 -0.09 -0.07 -0.05 -0.04

asy bias -0.10 -0.07 -0.05 -0.03 -0.03 -0.07 -0.05 -0.04 -0.02 -0.02

bias I* -0.06 -0.07 -0.06 -0.05 -0.05 -0.06 -0.06 -0.04 -0.04 -0.03

bias IT* -0.08 -0.08 -0.08 -0.07 -0.07 -0.07 -0.06 -0.05 -0.05 -0.04

1.5 Dbias -0.29 -0.22 -0.18 -0.14 -0.10 -0.23 -0.16 -0.13 -0.09 -0.07

asy bias -0.15 -0.10 -0.07 -0.05 -0.04 -0.11 -0.07 -0.05 -0.04 -0.03

bias I* -0.07 -0.08 -0.08 -0.07 -0.07 -0.07 -0.07 -0.07 -0.06 -0.05

bias IT* -0.08 -0.09 -0.09 -0.09 -0.09 -0.08 -0.08 -0.08 -0.07 -0.06

0.9 0.5 bias -0.22 -0.17 -0.13 -0.11 -0.09 -0.12 -0.08 -0.07 -0.06 -0.05
asy bias -0.09 -0.06 -0.04 -0.03 -0.02 -0.06 -0.04 -0.03 -0.02 -0.02

bias I* -0.09 -0.08 -0.07 -0.05 -0.04 -0.07 -0.06 -0.056 -0.03 -0.03

bias IT* -0.12 -0.11 -0.10 -0.09 -0.08 -0.09 -0.07 -0.07 -0.05 -0.05

1 bias -0.45 -0.35 -0.26 -0.18 -0.16 -0.27  0.18 -0.14 -0.10 -0.08

asy bias -0.18 -0.12 -0.09 -0.06 -0.04 -0.13 -0.08 -0.06 -0.04 -0.03

bias T* -0.11 -0.11 -0.11 -0.10 -0.09 -0.11 -0.10 -0.09 -0.07 -0.06

bias IT* -0.13 -0.14 -0.14 -0.13 -0.13 -0.12 -0.11 -0.10 -0.09 -0.08

1.5 Dbias -0.57 -0.45 -0.37 -0.28 -0.23 -0.45 -0.31 -0.25 -0.18 -0.14

asy bias -0.27 -0.18 -0.14 -0.09 -0.07 -0.19 -0.13 -0.10 -0.06 -0.05

bias I* -0.12 -0.13 -0.14 -0.13 -0.12 -0.12 -0.13 -0.12 -0.11 -0.09

bias IT* -0.13 -0.15 -0.16 -0.16 -0.16 -0.13 -0.14 -0.14 -0.13 -0.11

Note: The actual bias (bias), bootstrap bias estimator based on Method I (bias I*) and bootstrap bias
estimator based on Method II (bias IT*) are mean values in 10,000 replications. The asymptotic bias (asy
bias) is —T~/2cpoy *T. S/N denotes the signal-to-noise ratio.
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Table 4: Coverage Rate of Bootstrap Confidence Intervals

T =100 T =200
p c S/N=0.5 0.75 1 1.5 2 S/N=0.5 0.75 1 1.5 2
(A) No cross-sectional correlation

0.5 0.5 Be 0.85 0.86 0.86 0.86 0.87 0.86 0.87 0.87 0.87 0.88
Per 0.87 087 0.88 0.87 0.88 0.88 0.88 0.88 0.89 0.89

Per-t 0.86 0.87 0.87 0.87 0.88 0.87 0.88 0.87 0.88 0.89

1 Bec 0.77 080 083 0.83 0.85 0.81 083 0.84 087 0.86

Per 0.80 0.84 086 0.86 0.87 0.86 0.87 0.87 0.88 0.87

Per-t 0.79 0.83 085 085 0.87 0.84 0.85 0.86 0.87 0.87

1.5 Bc 0.68 0.75 0.77 0.80 0.82 0.72 0.79 0.81 0.82 0.85

Per 0.73 080 0.81 0.84 0.8 0.78 083 0.85 0.85 0.87

Per-t 0.72 079 080 0.84 0.84 0.75 082 0.84 0.84 0.87

09 0.5 Be 0.78 0.82 083 084 084 0.84 0.87 0.88 0.89 0.89
Per 0.90 093 093 093 0.93 095 095 095 094 0.93

Per-t 0.80 0.86 0.87 0.88 0.88 0.86 0.90 0.90 0.90 0.89

1 Bec 0.60 0.70 0.75 0.79 0.80 0.70 0.80 0.83 0.84 0.86

Per 0.74 084 0.88 091 0.93 0.87 093 094 095 0.95

Per-t 0.62 073 0.79 0.84 0.87 0.72 0.82 0.86 0.89 0.89

1.5 Bec 0.45 0.60 0.66 0.73 0.76 0.50 0.64 0.71 0.76 0.80

Per 0.60 0.74 0.79 0.87 0.88 0.70 0.84 090 0.92 0.93

Per-t 0.48 0.63 0.70 0.79 0.82 0.53 0.70 0.79 0.84 0.88

(B) Cross-sectional correlation

0.5 05 Bc 0.81 084 0.86 086 0.87 0.85 086 0.87 0.88 0.88
Per 0.83 086 0.87 0.87 0.88 0.87 0.88 0.88 0.89 0.88

Per-t 0.82 085 0.87 0.87 0.88 0.86 0.86 0.87 0.89 0.89

1 Bc 0.58 071 0.78 0.82 0.84 0.68 0.79 0.83 0.86 0.87

Per 0.62 075 0.81 0.84 0.86 0.71 083 0.86 0.88 0.87

Per-t 0.61 073 0.80 0.84 0.86 0.69 081 0.84 087 0.87

1.5 Bc 0.45 0.60 0.67 0.75 0.78 048 0.64 0.73 0.78 0.82
Per 0.48 064 0.70 0.78 0.81 0.52 0.69 0.78 083 0.85

Per-t 0.47 063 0.69 0.77 0.81 0.51 0.66 0.76 081 0.84

0.9 05 Bc 0.62 073 0.78 0.81 0.83 0.75 083 0.85 087 0.88
Per 0.73 085 0.89 091 0.92 0.87 093 093 093 0.93

Per-t 0.62 076 0.81 0.85 0.86 0.73 082 0.87 0.88 0.89

1  Bc 0.32 048 0.59 0.70 0.74 043 063 0.71 080 0.82

Per 0.42 0.60 0.73 0.83 0.87 0.57 077 0.84 091 0.93

Per-t 0.33 050 0.63 0.75 0.79 044 063 0.72 082 0.85

1.5 Bc 0.21 036 0.46 0.60 0.65 024 042 0.56 0.65 0.71
Per 029 046 0.58 0.72 0.78 0.36 0.57 0.71 081 0.87

Per-t 023 039 050 065 0.71 0.26 044 0.60 0.71 0.78

Note: Coverage rates of three nominal 90% confidence intervals in 10,000 replications. Bc denotes the
bootstrap bias corrected asymptotic confidence interval (11), Per denotes the percentile bootstrap
confidence interval (12) and Per-t denotes the percentile-t equal-tailed bootstrap confidence interval
(13). S/N denotes the signal-to-noise ratio.
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Table 5: AR(1) Estimates of the US diffusion index

Asymptotic Bootstrap confidence intervals
Series p Confidence interval PBC Be Per Per-t
(A) Full sample (N = 159)
1 066 (0.60, 0.71) 0.60  (0.64,0.75) (0.64,0.76) (0.64, 0.75)
(B) Long subsample (N = 53)
1 065 (0.60, 0.71) 0.74  (0.69,0.80) (0.68,0.82) (0.68, 0.80)
2 0.58 (0.52, 0.64) 0.66 (0.60, 0.72)  (0.59,0.74) (0.59, 0.72)
3 068 (0.63, 0.73) 0.78  (0.72,0.83) (0.71,0.86) (0.71, 0.83)
average 0.64 (0.58, 0.69) 0.73  (0.67,0.79) (0.66, 0.80) (066., 0.78)
(C) Short subsample (N = 31)
1 057 (0.51, 0.63) 0.75  (0.69,0.81) (0.66, 0.84) (0.65, 0.80)
2 0.83 (0.79, 0.87) 0.95  (0.91,1.00) (0.88,1.06) (0.88, 0.99)
3 063 (0.58, 0.69) 0.75  (0.69,0.80) (0.67,0.83) (0.67, 0.80)
4 055 (0.49, 0.61) 0.65  (0.58,0.71) (0.57,0.73) (0.57,0.71)
5 0.54 (0.48, 0.60) 0.67  (0.61,0.74) (0.59,0.77) (0.59, 0.75)
average  0.62 (0.57, 0.68) 0.75  (0.70,0.81) (0.67,0.84) (0.67, 0.81)

Note: The sample period is from 1959:3 to 1998:12 (T = 478). ¢ = V/T /N is 0.14, 0.41 and 0.71,
respectively, for series A, B and C. The first confidence interval next to p is the 90% asymptotic
confidence interval (10). For the boostrap confidence intervals, Bc denotes the 90% bootstrap
bias corrected asymptotic confidence interval (11), Per denotes the 90% percentile interval (12)
and Per-t denotes the 90% percentile-t equal-tailed interval (13).
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Figure 11: US Diffusion Index
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CHAPTER III

INFORMATION HETEROGENEITY, HOUSING DYNAMICS AND THE BUSINESS
CYCLE

Introduction

The recent financial crisis that started in the U.S. in December 2007 has demon-
strated the importance of the housing sector in macroeconomic modeling. In response to
the recession, a growing literature has tried to incorporate the housing sector into standard
macroeconomic models to explain stylized facts in the housing market and the business
cycle.! However, there are two facts that existing quantitative macroeconomic models have
difficulty explaining: house prices are highly volatile and closely correlated with the busi-
ness cycle, which is at odds with the evidence that rental prices are relatively stable and
almost uncorrelated with the business cycle; and residential investment leads the business
cycle while nonresidential investment moves contemporaneously with the business cycle.

The main goal of this paper is to present an alternative model to quantitatively
explain these two facts. To incorporate the housing sector into the standard dynamic sto-
chastic general equilibrium (DSGE) model, one usually assumes that firms need a collateral
asset to secure their external financing as in Kiyotaki and Moore (1997), and specifies the
collateral asset as houses, such as Iacoviello (2005), and Liu, Wang, and Zha (2011) et al.
These types of models succeed in explaining either the close correlation between house prices
and nonresidential investment or the close correlation between house prices and consump-
tion, but fails in explaining the contrast between the high volatility of house prices and the
low volatility of rental prices. Figure 12 illustrates the cyclical components of house prices

and rental prices with the business cycle for the United States from 1975Q1 to 2010Q3?

Macoviello (2010) is a recent survey. A inexhaustive reading list should include Tacoviello (2005), Davis
and Heathcote (2005, 2007), Piazzesi and Schneider (2009), Iacoviello and Neri (2010), Liu, Wang, and Zha
(2011), Sterk (2010), Burnside, Eichenbaum, and Rebelo (2011), Caplin and Leahy (2011), Chaney, Sraer,
and Thesmar (2012), Chatterjee and Eyigungor (2011), Favilukis, Ludvigson, and Nieuwerburgh (2011),
Mian and Sufi (2011), Kiyotaki, Michaelides, and Nikolov (2011), and Rupert and Wasmer (2012).

2In this paper, we collect the data of output, consumption, residential investment, and nonresidential
investment from the St. Louis Fed.

88



(all data are log-linearized and filtered using the Hodrick-Prescott filter). House prices are
closely correlated with the business cycle and their correlation with U.S. GDP is around
0.52. In contrast, rental prices are almost uncorrelated with the business cycle and their
correlation with U.S. GDP is less than 0.06. Furthermore, house prices are much more
volatile than output and their standard deviation is around 1.55 times of the standard devi-
ation of output. However, rental prices are much less volatile and their standard deviation
is only 0.46 times of the standard deviation of output. To explain the difference between
the volatility of house prices and the volatility of rental prices, in addition to incorporat-
ing financial frictions as in Liu, Wang, and Zha (2011), we further incorporate information
frictions into the standard DSGE model, and demonstrate that information heterogeneity
plays a key role in quantitative macroeconomic analysis of housing dynamics.

In the standard DSGE model with financial frictions, houses can be viewed as
assets (see equation (20) in Liu, Wang, and Zha (2011)). If we define the rental prices as
the marginal rate of substitution (MRS) between housing consumption and goods consump-
tion, the asset pricing theory implies that house prices are determined by the discounted
sum of future rents. With consumption smoothing, the model predicts that the volatility of
house prices is much lower than the volatility of output (see Liu, Wang, and Zha (2011) for
a detailed discussion). However, if households have heterogeneous information about the
future average MRS between housing consumption and goods consumption, house prices
will also be determined by households’ expectations of other households’ expectations of the
future average MRS, households’ expectations of other households’ expectations of other
households’ expectations of the future average MRS, and so on. Therefore, higher-order ex-
pectations of the future average MRS play a potential role in determining the fluctuations
of house prices. Our calibration exercise shows that information heterogeneity increases the
relative volatility of house prices to output by more than 50% and explain the disconnect
between house prices and the discounted sum of future rents compared with the full infor-
mation case. However, our model still has a difficulty in predicting house prices having a
higher volatility than output.

We assume households’ information sets differ in two respects. First, households

have dispersed information of the total factor productivity (TFP). Second, households have
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idiosyncratic information of the aggregate preferences on houses. When house prices rise,
households are confused by whether this rise is driven by an improvement in TFP or an
increase in the aggregate demand. Because of rational confusion, an improvement in TFP
has an amplified effect on house prices®. Thus, information heterogeneity generates a higher
volatility of house prices, and breaks down the close correlation between house prices and
rental prices.

The other fact which standard macroeconomic models have difficulty in explain-
ing is the lead-lag relationship between residential investment and nonresidential investment
over the business cycle. Figure 13 displays the normalized cyclical components of residential
and nonresidential investment over the business cycle for the United States from 1975Q1 to
2010Q3, and shows that residential investment leads the business cycle while nonresidential
investment moves contemporaneously with the business cycle. The reason why standard
real macroeconomic models have difficulty in explaining the lead-lag relationship is because
nonresidential capital produces market consumption and investment goods, whereas resi-
dential capital produces only home consumption goods (e.g. Fisher, 2007). The asymmetry
in how many goods to substitute away from residential capital provides a strong incentive to
substitute away from residential capital toward nonresidential capital after a productivity
shock. In our model, with incomplete information firms cannot fully observe the true TFP
shocks, so the model generates a dampened response of nonresidential investment to TFP
shocks. On the other side, since the amplified response of house prices mainly comes from
the rising demand of real estate from households, the response of residential investment
to TFP shocks is dampened, but to a smaller degree. In total, the correlation between
lead residential investment and nonresidential investment increases, as does the correlation
between lead residential investment and output. Our calibration shows that the correlation
between lead residential investment and nonresidential investment increases from a negative

value to a large positive value.

3The idea of rational confusion has long existed in the noisy rational expectation literature. For example,
Bulow and Klemperer (1994) use this idea to explain the worldwide stock market crash of 1987. Bacchetta
and van Wincoop (2006) claim that such rational confusion plays a key role in explaining the exchange rate
disconnect puzzle and matching the evidence on micro trading activities.
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The paper is related to several strands of the literature. First, it is related to the
literature incorporating financial frictions into models of business cycles (see Gertler and
Kiyotaki, 2010, for a survey). Within this strand, there is a large body of work that specifies
houses as a collateral asset, and investigates frictions in the house market affecting the
business cycle!. For example, Iacoviello (2005) introduces collateral constraints tied to home
values into a standard monetary business cycle model and shows that houses contribute to
the amplification and propagation of demand shocks. In terms of the labor market, Rupert
and Wesmer (2012) incorporate frictions in housing mobility into a standard searching and
matching model to investigate the difference of unemployment rates between the U.S. and
Europe. Sterk (2011) studies the effect of the housing bust in 2007 on the unemployment rate
of the recent financial crisis. However, these models either do not consider the disconnect
between house prices and rental prices or have difficulty in explaining it. Liu, Wang, and Zha
(2011) estimate a real business cycle model with land as a collateral asset in firms’ credit
constraints, and claim that a shock originated from households’ preferences on houses is
important in determining land prices and the business cycle. In their model, the housing
demand shock explains more than 90% of the observed fluctuations of land prices, and other
shocks make almost no contributions, which seems counterintuitive®.

In this paper, we investigate information frictions in explaining the high volatility
of house prices. Trading with information frictions in the housing market has been consid-
ered in the literature for a long time (see Himmelberg, Mayer, and Sinar, 2005, for a survey).
For recent evidence, Piazzesi and Schneider (2009) propose a search model with transac-
tion costs and show that a small portion of momentum trades generates a high volatility
of house prices. Burnside, Eichenbaum, and Rebelo (2011) develop a model with hetero-
geneous expectations and show that changes in expectations can generate the boom-bust
cycles in the housing market. However, these models are not in a micro-founded general
equilibrium framework, and therefore are not suitable for a quantitative analysis of the
interaction of information frictions and the housing dynamics over the business cycle. To

the best of my knowledge, this paper is the first to introduce imperfect information into

4The other shocks include a patience shock, permanent and transitory shocks to neutral technology,
permanent and transitory shocks to biased technology, a labor supply shock, and a collateral shock.
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the standard DSGE model with a housing sector, and shows information heterogeneity has
the potential to explain the aforementioned puzzles in both the housing market and the
macroeconomy. Our paper is also the first one to introduce information frictions to explain
the lead-lag relationship between residential investment and business investment. Previous
literature investigating the lead-lag relationship includes Benhabib, Rogerson, and Wright
(1991), Greenwood and Hercowitz (1991), Chang (2000), Gomme, Kydland, and Rupert
(2001) Davis and Heathcote (2005), Fisher (2007), et al.

Finally, this paper also contributes to the growing interests in investigating im-
perfect information in macroeconomics®. In their seminal work, Phelps (1970) and Lucas
(1972) demonstrate that the dispersion of information can help nominal shocks generate
fluctuations in real variables. Recently, Morris and Shin (2002) investigate strategic in-
teractions in a global game framework; Mankiw and Reis (2002) consider the case that
agents update their information sets sporadically; and Sims (2003) formalizes the idea of
information frictions by assuming limited capacity for processing information. Our work
is more closely related with La’O (2010), which also studies the interaction of information
frictions with financial frictions. However, our work differs from La’O’s work in three as-
pects. First, our work directly investigates the information frictions in the housing market
and the spillover effects from the housing market to the business cycle. Second, we build our
model in a dynamic stochastic general equilibrium framework and thus can quantitatively
evaluate the contribution of information heterogeneity to both the housing market and the
business cycle. Finally, La’O’s work focuses on how the interactions of financial frictions
and information frictions affect noise shocks as an independent source of the business cycle
fluctuations.

The remainder of the paper is organized as follows. Section 2 provides empirical
evidence about the two facts in the housing market and the business cycle. Section 3
introduces the model with both financial frictions and information frictions. Section 4

discusses the implications of our model regarding house prices, residential investment, and

"Mankiw and Reis (2010) provide a recent survey. An inexhaustive list includes Phelps (1970), Lucas
(1972), Townsend (1983), Mankiw and Reis (2002), Morris and Shin (2002), Sims (2003), Woodford (2003),
Bacchetta and van Wincoop (2006), Nimark (2008), Lorenzoni (2009), Machowiak and Wiederholt (2009),
Angeletos and La’O (2010), Graham and Wright (2010), and Guo and Shintani (2011), Crucini, Shintani,
and Tsuruga (2010, 2012).
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nonresidential investment over the business cycle. Section 5 presents additional evidence

from the survey data. Finally, section 6 concludes.

Empirical Motivation

In this section, we empirically present the two facts that existing macroeconomic
models have difficulty in explaining: the disconnect between house prices and the discounted
sum of future rents; and the lead-lag relationship between residential investment and nonres-
idential investment. To investigate the disconnect between house prices and the discounted
sum of future rents, we consider the user-cost approach, an approach commonly used in the
literature (see Mayer, 2011, for a survey)®. This approach takes the simple non-arbitrage
condition that the rent-price ratio should be equal to the user cost of housing, which is the
sum of the after-tax equivalent-risk opportunity cost of capital and the expectation of fu-
ture house prices appreciation excluding maintenance cost. This implies that the following

relationship holds at each point in time:

R 1—6,)Piy1 — P
Hi :a0+a1it+a2( W) Pt Ly, (IIL.1)
Pt Pt

where R; is the rental price for a representative home for one year at time ¢, P; is the
corresponding purchase price of the same home, i; is the opportunity cost of capital, d; is
the home depreciation rate, and &; is white noise.

We collect house prices and rent data from 1960Q1 to 2010Q3 from the Federal
Housing Finance Agency (FHFA) home price index, and use the data with the same period
from the Case-Shiller-Weiss (CSW) home price index as a robustness check. The FHFA
series is well-known for its broad geographic coverage, but it covers only conventional mort-
gages. On the other hand, the CSW series covers both conventional and unconventional
mortgages (see Davis and Heathcote (2007) for a detailed description of the data set). By
assuming that the risk premium of house price fluctuations is constant, we take the fed-

eral funds rate to approximate the opportunity cost of capital. To introduce maintenance

SThere are three alternative approaches commonly used in the literature: the user-cost methodology which
compares the present discounted value of future rents with house prices; the construction-cost approach that
compares the cost of constructiong a new home with house prices; and the affodability approach which
compares the ability of potential buyers of the house with house prices.
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costs, we assume that houses depreciate at a constant rate d, = 0.01 as in Iacoviello and
Neri (2010). Table 6 presents the regression results of equation (III.1). The results show
that appreciation in house prices has almost no explanatory power in the fluctuations of
the rent-price ratio. One percent increases in house prices predict around 0.09 increases in
rent-price ratio for the FHFA series, and around 0.02 increases for the CSW series. The null
hypothesis g = 1 is rejected at any significance level for both of the two data sets. Thus,
the regression results confirm the disconnect between house prices and the discounted sum
of future rents.

The second fact that we want to investigate is the lead-lag relationship between
residential investment and nonresidential investment over the business cycle. The litera-
ture in home production has demonstrated that residential investment leads the business
cycle and nonresidential investment lags the business cycle for the U.S. economy (see Davis,
2010, for a survey). In sharp contrast, Kydland, Rupert, and Sustek (2012) empirically show
that the lead-lag relationship in the developed countries only holds for the two Western-
Hemishpere countries: USA and Canada, and in other developed economies there is no
such a clear feature of the lead-lag relationship between either residential investment or
nonresidential investment and the business cycle. We reconsider the fact and calculate the
correlations among the lead (lag) residential investment, the lead (lag) business investment,
and the lead (lag) output for the following countries and periods: Austria (1988Q1-2012Q2),
Finland (1975Q1-2012Q2), France (1978Q1-2012Q2), Netherlands (1988Q1-2012Q)2), the
U.K. (1970Q1-2012Q2), the EU (1988Q1-2012Q2), Australia (1959Q3-2012Q2), Canada
(1981Q1-2012Q2), and the U.S. (1960Q1-2012Q2)7. All the data are logged and Hodrick-
Prescott filtered. In Table 7, our main results confirm the leading (lagged) role of residential
(nonresidential) investment over the business cycle in the U.S. and Canada. In other devel-
oped countries, there is no clear order among the second moments except Finland, which
also shares this feature to some extent. One interesting thing in our calculation is that if
we aggregate the five countries in the Europe together, the aggregate will also somewhat

perform like the U.S. and Canada.

"The EU is aggregated by the five following countries: Austria, Finland, France, Netherlands, and the
U.K.. We collect the data for the European countries from the Eurostat, for Canada from the OECD, for
Australia from Australian Bureau of Statistics, and for the U.S. from the St. Louis Fed.

94



To further investigate the causality effect between residential and nonresidential
investment, we conduct a bivariate vector autoregression (VAR) with a Granger-causality
test for these two types of investment. To apply the Granger-causality test, we first test
whether the two series have a unit-root process by the Dickey-Fuller test. If the two series are
of I(1), we further test whether the two are cointegrated. If we cannot detect a cointegration

relationship between the two series, the following formulation is used in testing the null

hypotheses:
k k
AL = a0+ Y ouALl + > oyl +ey (111.2)
i=1 =1
k k
AL = Bo+ Y Bulli i+ Byl +ex.
i=1 =1
Failing to reject the Hy: a1 = g = ... = agp, = 0 implies that nonresidential investment

does not Granger cause residential investment. Likewise, failing to reject Hy: 819 = 812 =
... = B4 = 0 implies that residential investment does not Granger cause nonresidential
investment. If the series are cointegrated, we need to incorporate an error correction term

in testing the null hypotheses:

k k
Al = ao+61(I = ML)+ > auALl + Y aulAl i +ey (IT1.3)
=1 =1
k k
Aly = B+ 62017 — M) + Z B + Z Boi Al + e,
=1 =1

in which d; and d2 denote speeds of adjustment. Failing to reject the Hy: o1 = qoo =
.. = agr = 0 and 67 = 0 implies that nonresidential investment does not Granger cause
residential investment. Likewise, failing to reject Ho: 819 = B1p = ... = 13 =0 and d2 =0
implies that residential investment does not Granger cause nonresidential investment.

The data we use in testing equation (III.2) or (IIL.3) are the same as in Table 7.
However, we conduct the Granger-causality test for the period from 1984Q1 to 2005Q4 in
the U.S. as a robustness check to avoid the potential problem of structural changes, since this
period is well-known for its low volatility of the business cycle in contrast to other periods.
The lag parameter k is selected by the Akaike information criterion (AIC). Table 8 shows

the fact that in the U.S. and Canada residential investment Granger causes nonresidential

95



investment and nonresidential investment does not Granger cause residential investment.
This fact is very clear in Canada, but in the U.S., we can reject the null hypothesis that
residential investment does not Granger cause nonresidential investment at any significance
level, whereas we cannot reject the null hypothesis that nonresidential investment does
not Granger cause residential investment for the period from 1984Q1 to 2005Q4 at 5%
significance level, and for the period from 1960Q1 to 2010Q3 at 1% significance level. In
other developed countries, there is no such feature similar as in the U.S. and Canada,
except in Australia and the U.K. In contrast to the lead-lag relationship that the European
aggregate shares with the U.S. and Canada, we cannot see such a similarity for the Granger

causality of the two types of investment between the two regions.

The Basic Model

To quantitatively explain the two facts in a dynamic general equilibrium frame-
work, we build our model in the style of Liu, Wang, and Zha (2011) with real estate
production and information heterogeneity. The model in Liu, Wang, and Zha (2011) is
a variant of standard real business cycle models that include a feature of credit frictions
(Kiyotaki and Moore, 1997). We add a real estate production sector into the model, and
assume agents are endowed with heterogeneous information instead of perfect information.
Following Iacoviello (2005), Iacoviello and Neri (2010), Kiyotaki, Michaelides, and Nikolov
(2011), and Liu, Wang and Zha (2011), we assume two types of agents in the economy:
a representative impatient entrepreneur and a continuum of patient households. The rep-
resentative entrepreneur owns two types of firms: a continuum of residential firms and a
continuum of nonresidential firms. The whole economy is segmented geographically and
endowed with a continuum of islands. Each island i € [0, 1] contains one residential firm,
one nonresidential firm, and one household. The residential firm hires labors from the
household, and accumulates residential structures to build houses. The nonresidential firm
also hires labor from the household, accumulates nonresidential capital, and combines with
real estate input to produce final goods. The household provides labor services, saves for

next period, and consumes final goods and housing services. The final goods can be used to
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finance residential investment and nonresidential investment, whereas real estate can only

be used for residence.

Entrepreneurs

The representative entrepreneur owns a continuum of residential firms and a con-
tinuum of nonresidential firms. On each island resides one residential firm and one nonresi-
dential firm. The residential firm and the nonresidential firm maximize their expected profits
and return the profits to the entrepreneur. The nonresidential firm ¢ takes a Cobb-Douglas

constant-to-scale technology that uses labor, capital, and housing as input, according to
! 'l —py —
Vie = K (Ay Ay N;f )" Hy M,

where Yj; is the output, A; is the aggregate technology level, A;; is the firm-specific tech-
nology level, K;; is capital produced at the end of last period, Hgt is the real estate input,
and Nz/f is the labor input in the nonresidential market. g, and 1 — p;, — v measure
output share of capital and real estate respectively. The residential firm ¢ also takes a
Cobb-Douglas constant-to-scale technology that uses labor, residential structures, and land

as input, according to
0 _ qkn NN s
Hy = 5" (ArAiNy') " Ly, ,

where Hiot is newly built housing, S;; are residential structures, L;; is the land endowment,
and N;th is the labor input in the residential market. p; and 1—pu; —v;, measure output share
of residential structures and land respectively. The representative entrepreneur borrows B,
from household 7 in the asset market, invests I;; in the nonresidential capital market and
I}, in the residential structure market, produces consumption final goods by purchasing real

estate input A(H;) and hiring workers N¥

i1, constructs houses by using the land endowment

Lj;, the labor input NZQ, and the residential structure S;;, and consumes C; to maximize its

97



expected utility according to

X O
maxEZBtlti
t=0 -7

T B ’ !
ZtRinr1 + Pi(Hyy — (L= 0n)Hy ) + Lit + Iy —
it

K (A AN FYos HL % P SH (A GNP L™ 4 Byldi = 0

s.t. C, + /[(N{f + NYWy —
I

where ,B/ is the discount factor of the entrepreneur, v measures the relative risk aversion, Wj;
is the wage that the entrepreneur pays for workers from the household 7, 7; is the island-
specific bond-holding shock, R;; is the island-specific interest rate, dj, is the discount factor
of houses, and P; is house prices. The island-specific bond-holding shock m;; serves one and
only one role, to slow down the learning of agents in island ¢ from the bond market. To
replace the assumption of the island-specific bond-holding shock, one can introduce another
aggregate shock, such as a patience shock to the entrepreneur, to serve a similar role. For
simplicity, we do not consider adding another aggregate shock. As in Kiyotaki and Moore

(1997), we assume the entrepreneur needs collateral to secure its borrowings
Bity1 < mEy(Pi1Hy), (I11.4)

where m indicates that if borrowers repudiate their debt obligations, lenders can liqui-
date the borrowers’ real estate assets but have to pay a proportional transaction cost
(1 —=m)Piy1Hj. Allowing capital as an additional collateral asset will amplify the effect of
credit constraints since the entrepreneur will be more leveraged. We will discuss this later
as a robustness check. Nonresidential capital accumulation follows the law of motion

Tt

Kipyr = (1= 0p) K + @1
7

) K,

and similarly, residential structure accumulation follows the law of motion

s

I:
Sit+1 = (1 — d5)Sit + ‘132(%)5#,

where §, and 0, are the discount factors of nonresidential capital and of residential structures

respectively, and ®1(-) and ®2(-) denote the adjustment cost functions of nonresidential

capital and of residential structures respectively.
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Households

We assume one household resides on each island ¢. The household ¢ consumes
the final goods, utilitzes the housing services, and provides labor services to the residential
firm and the nonresidential firm. The household maximizes its expected discounted sum of
utility conditional on its own information set €2;; by

)

max F; Z B'In Cit + xoXe X In Hit — ¥ Nig),

t=0
where Cjy is goods consumption, H;; is the housing consumption, N;; is the labor services
provided by the household, § is the discount factor, x; and x;; denote the aggregate and the
idiosyncratic housing preference shocks respectively, and x, and ¢ are constant parameters.
We assume households’ discount factor 5 > B/, which indicates that households are more
patient than the entrepreneur and inclined to save. The household ¢’s budget constraint is

given by

B.
Cit +Pi(Hiyt — (1 — 6p)Hip—1) + e

— Wit Niyt — By = 0.
it

Market Clearing

The economy has four markets in total: goods, labor, bond and housing. To clear

the goods market, we have
C; + /I[C’it + Ly 4 I3)di = /]Yitdi.

We assume labor is immobile across islands, so in island ¢ we have
N = N+ N

To clear the bond market, we have

By + B, =0.
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Finally, to clear the housing market, we have

/[Hit + Hj, — (1= 6p)(Hjt—1 + Hj,_y)|di = /Hgdi-
I I

Shocks

Our model includes two aggregate shocks and three idiosyncratic shocks. The

aggregate shocks follow AR(1) processes in logs,

log At = pglog Ar1 + uf

logx, = pylogx, 1+ uf,

where uf ~ N(1,02), and uf ~ N(1, ai). The idiosyncratic shocks also follow the AR(1)

processes in logs

log A = pailog Ai—1 + ujy
log Xit = pyilogXir1 +u

logmit = prilogmi—1 +ug,

where u, ~ N(1,02,), ul, ~ N(1,02,;), and u) ~ N(l,aii). We also assume the law of
large numbers applies for the distribution of all the three types of idiosyncratic shocks, as

is common in the literature.

The Information Structure and the Equilibrium

At each period t, the representative entrepreneur has full information. However,
the final goods firm i, the real estate firm ¢, and the household ¢ can only obtain information
from their market activities: idiosyncratic preferences series on houses {x;_sXit—s } o0, Wage
series {Wi—s}32,, interest rate series {Rj—s}22,, and house prices series {P;—}52,. The

information set for agents in island ¢ is denoted as

it = {H{xt—sXit—s Yoo {Wi—s 50, {Rit—s}sZo: { Pr-s 1520 -
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We assume the parameters and the model structure are common knowledge, which indicates
our model is in line with the framework of noisy rational expectation models.

The equilibrium is defined as follows:

1. Given prices and information restrictions, the allocations solve the utility maximiza-
tion problem of the entrepreneur and of the household 7 and the profit maximization

problem of the final goods firm ¢ and the real estate firm <.

2. All markets clear, and {P;,—s, Rit—s, Wit—s}32 are the market clearing house prices,

interest rates of bonds, and wages, respectively.

Economic Implications

In our model, we assume residential firms, nonresidential firms, and households
do not have full information about the economic fundamentals and differ in their informa-
tion sets for different islands. Instead of an ad hoc assumption of perfect information, we
assume agents can only extract information about the true economic fundamentals from
their idiosyncratic market activities. With information heterogeneity, agents make their
decisions based on their forecasts of not just true economic fundamentals but also forecasts
of other agents’ actions, forecasts of other agents’ forecasts of other agents’ actions, etc. In
this section, we show that higher-order beliefs play a potential explanatory role in the two
facts: the disconnect between house prices and rental prices, and the lead-lag relationship
between residential investment and nonresidential investment over the business cycle.

Solving a dynamic general model with dispersed information requires dealing with
the well-known "infinite regress" problem (Townsend, 1983), since higher-order beliefs are
crucial for the decisions of agents and depend on the entire history of shocks. The literature
has solved this type of model by either truncating the dependence of equilibrium actions on
higher order beliefs (Nimark, 2008) or by assuming private information is revealed after an
ad hoc period T (Lorenzoni, 2009). We take the second approach, and assume that after T' =

30 periods all of the shocks are observed by agents across islands. The choice of T is based
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on two considerations: saving computational time and not affecting the results significantly
if the value of T is increased. We assume all the shocks are relatively small in magnitude,
so the inequality in (III.4) is always binding. Without the problem of occasional binding,
one can solve the model by log-linearizing around the steady state. After log-linearization,
we solve the linear equations by combining Sims’s (2001) method and the guess-verification
approach. In the model economy, agents on island ¢ are integrated into two aggregate
markets: the final goods market and the housing market. Therefore, decisions of agents
are affected by two aggregate variables: consumption of the representative entrepreneur C;
and house prices P;. In the first step, we guess the aggregate variables, C; and P, to be
linear functions of aggregate shocks; in the second step, we plug these two variables into the
equations and solve the equations using Sims’s (2001) method; in the third step, we update
expectation operators of agents on island ¢ by their information set €);; finally, we verify
the guess of linear functions of C; and P; by minimizing their distance with the updated
variables C; and P;. The appendix provides a detailed description of the method.

To calibrate the model, we choose the parameters commonly used in the literature
(e.g. Tacoviello and Neri, 2010). /8 and B' are set to 0.9925 and 0.97 respectively. Relative
risk aversion, v, is set to 2. The housing preference parameter x, is set to 0.1 and the
disutility on labor 1 is set to 1. The entrepreneurial "loan-to-value ratio" m is set to 0.89
to match the empirical debt to GDP ratio in the U.S. data. The nonresidential capital
share in the output production function is set to p;, = 0.63, and the house share is set to
1—p, —vi, = 0.05. For the real estate production function, the share of residential structures
is set to pj, = 0.1, and the share of land is set to 1 — p1;, — v, = 0.1. The discount factors for
houses, residential structures, and nonresidential capital are set to 4, = 0.01, 5 = 0.25, and
0 = 0.03 respectively. These three discount factors, combined with the capital share in the
goods production function and real estate production function, imply that nonresidential
investment accounts for around 30% of the total output, residential investment accounts for
about 6% of the total output, and the value of house stocks is about 1.80 time the total
output. The solution method does not require us to specify the functional form of ®; and
®,, but needs us to set the values of @1, @}, &, 9, @), and ) in the steady state. We

choose ®1(£) = 8, (&) = 1, ®2(4) = s, and @} (%) = 1, so that the model with
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adjustment costs has the same steady state as the model without adjustment costs. We
set the second-order derivative of the adjustment cost function of residential investment
P4 (L) = —2.5, the same as that of nonresidential investment ®{(#) = —2.5. The later is
chosen as in Christiano, Eichenbaum, and Evans (2005)8.

There are two aggregate and three idiosyncratic AR(1) shock processes in total.
Two parameters are crucial for the AR(1) processes: the persistence and the variance of the
shocks. The persistence and the variance of the shocks affect the response of business cycle
variables in two different ways: first, the shocks to the model are directly affected; second,
the precision of agents’ information and agents’ information updating process are altered.
For the aggregate technology shock process, we assume a persistent shock process and set
p, = 0.95 as in Fisher (2005). Similarly, the autocorrelation in the aggregate housing
preference shock is assumed to be p, = 0.95. We choose 02 = 0.009842 to match the
volatility of output, and ai = #02 to weaken the effect of housing preference shocks and
focus on technology shocks as a main driving force of the business cycle fluctuations?. Since
our interest is in the role of information heterogeneity in matching aggregate business cycle
variables, we choose the persistence and the variance of idiosyncratic shocks to maximize
the effect of information heterogeneity on house prices, and ignore the empirical micro-level
cross-sectional facts. For the idiosyncratic bond-specific shock processes, we set p_; = 0
and ofri = oo for one and only one reason: to screen the information contained by the
real interest rate. For the idiosyncratic technology shock and the idiosyncratic housing

preference shock, we set p,; = 0.001, p.; = 0.001, 02, = 100?062 and O'ii = 100%02. The

a
high magnitude of idiosyncratic shocks implies that agents extract information mainly from
house prices instead of idiosyncratic variables, such as island-specific wages and island-
specific technology shocks. This assumption of a large magnitude of idiosyncratic shocks

relative to aggregate shocks has been used in the literature (Mackowiak and Wiederholt,

2009).

®In the literature, one usually pins down the parameters ®7 (%) and @i’(%) by matching the volatility of

nonresidential investment and residential investment in the data, Unfortunately, our solving procedure can
find a convergence point only for certain ranges of parameters values. Of course, this is left for future work.

9Tn our model, a low magnitude of the housing preference shocks is enough to confuse the rational agents.
Nimark (2008) makes a similar assumption that the variance of the transitory labor supply shock is Tio of
other aggregate shocks, such as the technology shock.
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To evaluate the model’s performance, we turn on all the shocks and simulate the
model 1,000 times with 142 periods in each simulation. The simulated data are then filtered
with the Hodrick-Prescott filter. The average second moments of all the simulations and
their empirical counterparts are reported in Table 9. Our model confirms the main argu-
ments in Liu, Wang, and Zha (2011) that collateral constraints in nonresidential investment
play a key role in explaining the close correlation between house prices and other business
cycle variables. All of the correlations between house prices and other business cycle vari-
ables for the simulated data are well above their empirical counterparts. In comparison
with the model with full information, two facts stand out for the model with heterogeneous
information: first, information heterogeneity amplifies the response of business cycle vari-
ables to technology shocks!’; second, the correlation between lead residential investment
and nonresidential investment increases significantly from a negative value to a large posi-
tive value, and exceeds the correlation between lag residential investment and nonresidential
investment. Similarly, the correlation between lead residential investment and output in-
creases significantly from a small positive value to a large positive value, and exceeds the

correlation between lag residential investment and output.

What drives house prices fluctuations?

Table 9 shows that information heterogeneity amplifies the response of business
cycle variables to technology shocks, especially for house prices, whose standard deviation
in the model with heterogeneous information is about twice the standard deviation in the
model with full information. In contrast, the standard deviation of goods consumption
increases slightly. These two together indicate that our model might be able to explain the
puzzle of the disconnect between house prices and rental prices, since the later is closely
correlated with final goods consumption. As discussed in Liu, Wang, and Zha (2011),

the main reason why standard DSGE models with a housing sector cannot predict a high

10Gince the standard deviation of housing preference shocks is one-tenth of the standard deviation of
technology shocks, the role of housing preference shocks in our calibration is limited.
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volatility of house prices can be illustrated by the Euler equation of households,

XoXtXitCit

Ci
P =pB(1—6n)Bu~— 77

Pry1 +
Cit+1
If we define rental prices as the marginal rate of substitutions between goods consumption

and housing service consumption as

XoXeXitCit

h
Rit = H ?
(2

house prices can be expressed as

C; .
P =B(1—06p) | BurPrrdi + RY, (IIL5)
I Oit+1

where R} = / 7 RZdi denotes the aggregate rental prices. We further write house prices

recursively,

_ Oy > _ C
Py =51~ 0n)Be ;Ptﬂ + Ry =3 A1~ 5h)kEt(k)R?+kCt7t

it k=0 +1+k

where EY(P;) = P, E}(Piy1) = Ey(Pyy1), and higher-order expectations are defined as,
Ef:(Pt-‘rk) = EtEtJrl T Et—i—k(Pt-i-k)'

Therefore, house prices at time ¢t depend on rental prices at time ¢, the average expectation
at time ¢ of rental prices at time ¢t 4+ 1, the average expectation at time t of the average
expectation at time t + 1 of rental prices at time t + 2, etc. In the case of complete
information, the average expectation at t of the average expectation at ¢+ 1 of rental prices
at t+2 coincides with the average expectation at t of the average expectation of rental prices

at t +2,ie. EiFEi1--- By (Piyr) = E(Piyy), and therefore equation (II1.5) collapses to

e’} Ct
P, =Y g1 -6, ERY , ——.
' kzo R G

Since households smoothly allocate their consumption period by period, the model with
full information fails to predict a high volatility of house prices. However, in the case of
imperfect information, equation EyEy.1 - - - Eryx(Piix) = FEy(Psy) does not hold. In other

words, even though rental prices are relatively stable, house prices might still be volatile
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since house prices are also determined by higher-order expectations of future rental prices.
Figure 14 displays the response of house prices to one positive standard deviation of tech-
nology shocks in the models with full information and in the model with heterogeneous
information. Information heterogeneity initially dampens the technology shocks, but am-
plifies and propagates the technology shocks after three quarters. Unfortunately, our model
still fails to generate a higher volatility of house prices than output. To illustrate how in-
formation heterogeneity affects house prices, we plot the average expectation of next-period
house prices for both the full information case and the heterogeneous information case in
Figure 15, since equation (III.5) shows that it is crucial in determining house prices in this
period. The figure displays that the model with heterogeneous information is accompanied
by higher average expectations of house prices.

To rigorously prove that information heterogeneity can explain the disconnect
between house prices and rental prices, we test the user-cost equation as in (II1.1) using the
simulated data. The results in Table 10 show that the null hypothesis as = 1 cannot be
rejected by the model with full information, but is rejected by the model with heterogeneous
information at 5% significance level. In sum, even though the model with heterogeneous
information cannot predict house prices having a higher volatility than output, it explains

the disconnect puzzle between house prices and rental prices to some level.

Implications for Investment Dynamics

The other prediction of our model is the lead-lag relationship among nonresiden-
tial investment, residential investment, and output. Empirical studies have documented
that residential investment leads the business cycle, but nonresidential investment lags the
business cycle, and the two types of investment are positively correlated with each other
(see Gangopadhyay and Hatchondo, 2009, for a survey). However, standard real business
cycle models with home production predict the opposite and even a large negative value
for the correlation between the contemporaneous residential investment and nonresidential
investment. To match the data, several different channels have been emphasized in the

literature, including adjustment costs in capital accumulation (Chang, 2000), time-to-build
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in nonresidential investment (Gomme, Kydland, and Rupert, 2001), multiple-market sec-
tors (Davis and Heathcote, 2005), and a direct role for household capital as an input in
market production (Fisher, 2007). In this paper, we highlight the information channel and
show that the presence of information heterogeneity has a potential to explain the lead-lag
relationship between residential investment and nonresidential investment.

As emphasized by Fisher (2007), real business cycle models with home produc-
tion can predict the lead-lag relationship between residential investment and nonresidential
investment, if home product enters the production function of market goods with a reason-
able share. In our model, real estate enters the production function of final goods in two
different ways: first, it directly enters the production function with a share of output equal
to 1 — g — v, = 0.05; second, it serves as collateral for nonresidential investment. Since the
share in our model is lower than the share of 0.14 in Fisher (2007), our model with full in-
formation cannot explain the lead-lag relationship, but it does predict a positive correlation
of 0.69 between the contemporaneous residential investment and nonresidential investment
as shown in the panel B of Table 9. The panel also shows information heterogeneity plays
a key role in generating the positive correlation between lead residential investment and
nonresidential investment. When there is no information frictions, the model predicts a
negative correlation of —0.04, which is much less than the correlation between lead nonres-
idential investment and residential investment of 0.58. In contrast, when there is informa-
tion heterogeneity, the correlation between lead residential investment and nonresidential
investment increases to a significantly positive value 0.51, larger than the correlation of 0.38
between the lead nonresidential investment and residential investment. However, our model
still produces a larger correlation between the contemporaneous residential investment and
nonresidential investment, which is at odds with the data.

In the standard real business cycle model with home production, firms increase
their production and nonresidential investment immediately in response to TFP shocks.
Whereas real estate firms increase residential investment gradually. Therefore, the model
predicts a negative correlation between lead residential investment and nonresidential in-
vestment. In the model with information heterogeneity, both residential firms and nonresi-

dential firms are partially informed about the size of TFP shocks, and therefore both firms
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postpone their investment in response to TFP shocks. However, if the amplified house prices
are mainly caused by rising demand from households, real estate firms will have a stronger
incentive to increase residential investment in response to TFP shocks since the marginal
revenue of real estate production increases. As shown in last subsection, the main reason the
response of house prices is amplified is the breakdown in households’ Euler equation (IIL.5).
In our calibration, we find aggregate housing demand from households H; = [ ; Hitdi de-
creases by much less in the model with information heterogeneity compared with the model
with full information. Accordingly, residential investment will decrease by much less, and
the correlation between lead residential investment and nonresidential investment increases.
With the delayed response of nonresidential investment, our model predicts a hump-shaped
response of output to one standard deviation of TFP shocks. In the case of imperfect in-
formation, the response of output initially increases at a slow speed and peaks in several
periods. The hump-shaped response of output confirms the finding in Nimark (2008) that
imperfect information provides a potential explanation for the contrast between a posi-
tive autocorrelation of output in the data and a negative autocorrelation of output in the
real business cycle theory (Cogley and Nason, 1995). The one-period-lag autocorrelation

increases from —0.10 to 0.04, although not significantly.

Empirical Evidence from Survey Data

A difficulty in the literature of imperfect information is that it is hard to provide
empirical evidence to test the model. A prediction of our model is that if we define ex-
pectation errors of real variables as the difference between the average expectation of real
variables and the corresponding realized variables, the expectation errors should be corre-
lated with the business cycle. For instance, the model predicts that the forecast errors of
output are positively correlated with the business cycle in response to TFP shocks with
a correlation of 0.052, since firms are partially informed about the shocks and agents’ ex-
pectations of output tend to underreact. As other variables, such as house prices, are also
positively responded to TFP shocks, if one identifies an independent shock in the expecta-

tion errors of output, a vector autoregression (VAR) should perform as this shock positively
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causes other real variables, such house prices, output and investment.

To confirm this prediction, we run a three-variable VAR with expectation errors
of output, output, and house prices to consider the partial derivatives of output and house
prices at various horizons with respect to shocks in the expectation errors of output. We
compare the results from an empirical VAR to those arising from application of the same
VAR specification to data generated from our model with information heterogeneity. To
measure the average expectation of output, we collect data from the Survey of Professional
Forecasters (SPF). The data cover the period from 1975Q1 to 2010Q3. We take the median
forecasts of real GDP in the coming quarter as the forecast of output. We define the
expectation errors as the percentage deviation of the realized real GDP from the forecast
of real GDP. To see how innovations in the expectation errors affect other variables, we
run the VAR with four lags and the expectation errors ordered first. Figure 15 shows the
empirical impulse responses to shocks in expectation errors of output from the trivariate
VAR. The shaded areas represent one-standard-error bias-corrected bootstrap confidence
bands of Kilian (1998). The figure shows that one percent increases in agents’ expectation
errors are followed by around 0.05 increases in house prices and 0.4 increases in real GDP.

To run a similar trivariate VAR for the model, we collect simulated data with a
length of 142 observations. The average expectations of real variables are directly calculated,
as agents’ information sets are clearly defined. Similarly, we define the expectation errors
of output as the percent deviation between the average expectation of output and the true
output. The correlation between the expectation errors and output is also a positive value of
0.042. Figure 16 plots the impulse response to one positive standard deviation of shocks in
expectation errors of output from the trivariate VAR for the simulated data. The responses
in the simulated data are as similar as the responses in the empirical data, although they
differ in magnitude. A one percent increase in agents’ expectation errors is followed by
around a 0.05 percent increase in house prices and a 0.05 percent increase in output. The
main difference between the data sets is that in the simulated data both house prices and
output respond with a hump shape, but in the empiricial data, we do not observe such a
hump.

To check the robustness of the results, we have repeated the VAR exercise using
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different variables or different numbers of variables. For instance, we have replaced the
expectation errors of output by the expectation errors of nonresidential investment, and
replaced output by nonresidential investment. We have also extended the three-variable
VAR to a five-variable VAR by adding consumption and nonresidential investment. All of

the regressions report similar qualitative results.

Conclude

The recent standard real business cycle models with financial frictions succeed in
explaining the close correlations among house prices, consumption, and investment. How-
ever, the models cannot explain two facts: the disconnect between house prices and rental
prices, and the lead-lag relationship between residential investment and nonresidential in-
vestment. We introduce information heterogeneity into a standard real business cycle model
with real estate production and financial frictions. By assuming that agents are rationally
confused about the sources of shocks, the model generates an amplified response of house
prices to technology shocks, which explain the disconnect puzzle. Since the amplified re-
sponse mainly comes from the rising demand of real estate from households, the model
potentially explains the lead-lag relationship between residential investment and nonresi-
dential investment.

There are several directions in which our paper can be improved!!. In our model,
although we show information heterogeneity amplifies the response of house prices to tech-
nology shocks, the volatility of house prices is still much lower compared to the data. One
can introduce monetary shocks into the model and investigate the confusion between real
shocks and nominal shocks, since nominal shocks can also be viewed as pure demand shocks
and therefore may serve a similar role to housing demand shocks in our model. Second, we
could apply the method of minimization of distance between the simulated second moments
and the empirical second moments to pin down parameters for our calibration instead of
choosing ad hoc values. Third, our model extends the standard real business cycle model

in three directions: residential production, financial frictions, and information frictions. It

1 Our solution method can only solve the model using certain ranges of parameters values. Of course, this
is the most central issue to address.
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is more intuitive to extend the model step by step, so one can clearly discuss how each

extension affects the model. All of these are left for future work.
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Appendix: Solving a DSGE model with heterogeneous information

The solving procedure consists of four steps in total.

e Step one: shut down all the shocks, solve the model in the steady state, and log-
linearize the model around the steady state. In our model, there are two aggregate
variables which affect agents’ decisions: housing prices P; and the aggregate consump-
tion of the entrepreneur C;. The later one also determines the stochastic discount
factor. We assume the two aggregate variables are a linear function of aggregate

- a T X T _ a ,,a a X X X /
shocks 5y = {{uf_;};_1. {uy_;}ic1} Cr = CC x [uf,uf_q,...,uf pouf g, ul gl

— a ,a a X X X /
and Py = PP« [uf,uf 1, ..., uf p,u, up g, .u gl

e Step two: replace the goods market clearing condition and the housing market clear-
ing condition by the two above equations of the definitions C; and P;, and solve the

linear difference equations as a typical rational expectation model.

e Step three: from Step two, we have
Yit = G1Yit—1 + Oc + Oo2yy,

and then apply an expectation operator to both sides of the above equation conditional

on the information set €2;;

Yie = G1Yii—1 + O + O Eir 255

*

To derive Ej;2},, we should first keep in mind that the signals s;; island 7 receives are

linear functions of z;, given by,
sit = Dzt
By Kalman filter updating, we have

Eitzit = E(zit\sit) = ZF’(FZF/)_lsit = EF/(FEF/)_lFZZ’t.

e Step four: plug the solved individual variables into the goods market clearing con-

dition and the housing market clearing condition, derive the updated C} and P/,
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and match the distance between (Cy, P;) and (C}, P;"). If the distance is zero or close
enough to zero, we solve the model. In our calibration, the square root of the distance

is less than 1073, although we cannot find the exact solution.
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Table 6: House price appreciation and rental prices

g (65] a9
The FHFA series 0.0449**  0.0022**  0.0899**
The CSW series  0.0439** 0.0024**  0.0191**

ok

indicates rejection at 1% significance level.

Table 7: Second Moments - Empirical lead-lag correlations

Austria FIN FRA NET UK EU AUS CAN US
p(I; 4,I,) —0.359 0.453 0.576 0.227 0.210 0.301 0.355 0.398 0.503
p(It,It) —-0.268 0.378 0.618 0.567 0.094 0.288 0.267 0.228 0.289
p(I; St I,) —0.161 0.202 0.448 0.138 —0.029 0.182 0.137 0.018 0.021
p(I;_1,Y,) 0.047 0.669 0.540 0.378 0.467 0.722 0.519 0.640 0.689
p( :,Yt) 0.029 0.668 0.595 0489 0513 0.715 0.578 0.580 0.571
p(I;,,Y,) 0.019 0.560 0.604 0.463 0.454 0.618 0.503 0.378 0.345
p(I,_4,Y;) 0381 0452 0.082 0416 —-0.063 0.495 0.335 0.491 0.498
p(1,,Y ) 0.473 0.653 0.186 0.584 0.007 0.596 0.479 0.662 0.724
p(Iy1,Y,) 0484 0.737 0.261 0.610 0.089 0.621 0.510 0.745 0.797

I7, I, and Y;denote residential investment, nonresidential investment and output respectively.

Table 8: The causality test between residential and business investments

Country I; » I Iy » I}
Lag x2 Value p Value x? Value p Value
Austria 4 4.120 0.390 8.199 0.085
Finland 6 13.63 0.034 12.318 0.055
France 6 116.52 0.000 99.495 0.000
Netherlands 4 5.311 0.257 7.454 0.114
UK 2 8.121 0.017 5.052 0.080
Euro 2 2.331 0.312 5.874 0.061
Australia 4 22.649 0.000 5.303 0.258
Canada 2 10.190 0.006 5.611 0.060
USA (1960Q172012Q2) 4 181.9 0.000 13.8 0.014
USA (1984Q172005Q4) 2 158.8 0.000 5.1 0.076
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Table 9: Business cycle statistics for the models

U.S. Data Full info. Hetero info.
A. Basic statistics
Oy 1.42 1.08 1.31
oc/oy 0.62 0.48 0.36
o]0y 2.54 2.35 2.73
o5 oy 5.05 2.64 2.54
op/oy 1.55 0.49 0.64
o(yt, pt) 0.52 0.77 0.87
p(ce, pe) 0.47 0.90 0.94
p(it, pt) 0.59 0.97 0.98
B. Investment dynamics
pU; 1, Yr) 0.77 0.17 0.58
p(If, Y1) 0.73 0.83 0.66
p(I, 1, Yh) 0.32 0.65 0.44
p(If 1, It) 0.84 —0.04 0.51
p(I}, I}) 0.71 0.69 0.59
p(I7 1, 1) 0.29 0.58 0.38
p(li—1,Y?) 0.75 0.42 0.43
p(11, Y1) 0.89 0.97 0.98
p(Ii41,Y?) 0.60 0.20 0.47

Table 10: House price appreciation and rental prices in simulated data

(&7y] aq Q2
U.S. Data 0.0449** 0.0022** 0.0899**
Full info. 0.0148 1.3487 1.4195
Hetero info. 0.0141 1.8102* 0.4895*

** and * indicate rejection at 1% and 10% significance level respectively.
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Figure 12: Home rents and house prices with the business cycle.

Output
= = Business Investment
““““ Residential Investment

-4
1975Q1 1985Q1 1995Q1 2005Q1
t

Figure 13: Residential investment and nonresidential investment with the business cycle
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Figure 16: Empirical evidences from SVAR
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Figure 17: Simulation evidences from SVAR
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