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Abstract

This dissertation investigates three dimensions of price dynamics in banking, fiscal pol-

icy, and housing markets using time series econometric approaches.

Chapter One examines whether charge-off rates (CORs) from the largest U.S. bank

holding companies can serve as early warning indicators of systemic risk. Using consolidated

financial statements from the top ten largest U.S. bank holding companies, we construct

loan-level CORs for business, real estate, and consumer loans. Factor-augmented forecasting

models incorporating latent macroeconomic factors outperform benchmark models, particu-

larly for business and real estate loan CORs, while consumer loan CORs remain difficult to

predict, especially at short horizons. Real activity factors substantially enhance predictive

performance in the absence of financial factors.

Chapter Two analyzes the effects of U.S. fiscal policy shocks on labor market outcomes

using structural vector autoregressive (SVAR) models for postwar data (1960:I–2017:II).

Fiscal spending shocks raise government sector employment but crowd out private sector

jobs, leading to net losses in total employment. While government wages rise significantly and

persistently, private wages respond only marginally, widening the wage gap across sectors.

Wage shocks, however, yield long-run gains in corporate profits by enhancing productivity,

consistent with wage-led growth. By contrast, corporate profits show negligible predictive

power for private jobs and wages, providing little support for profit-led growth models or

trickle-down effects.

Chapter Three investigates the long-run drivers of housing price dynamics across 29

Chinese regional markets. Conventional cointegration frameworks generate estimates that

are consistent with supply-and-demand shifters, but DOLS contradicts this, showing het-

erogeneity across 29 cities. Among conventional predictors, only real income consistently
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explains regional housing prices. Interest rates and building costs fail to exhibit stable ef-

fects across regions. This chapter underscores the heterogeneity across regions in China’s

housing markets and highlights the need for tailored, region-specific housing policies rather

than uniform national strategies.

Together, these three essays advance our understanding of price dynamics in banking,

fiscal policy, and housing markets, while also illustrating the importance of appropriate

econometric design in uncovering underlying economic mechanisms.
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Chapter 1

What Charge-Off Rates Are Predictable by Macroeconomic Latent Factors?

with Hyeongwoo Kim 1

1.1 Introduction

This paper presents a novel framework for forecasting the net charge-off rate (COR)

of the top 10 largest bank holding companies (BHCs) in the United States, specifically

those with a balanced loan structure. Our approach leverages various data dimensionality

reduction techniques to estimate latent common factors, including targeted ones, using a

large panel of macroeconomic predictors in the U.S. We have compiled a comprehensive

dataset that includes individual CORs for disaggregated loans, such as business loans, real

estate loans, and consumer loans, from the top 10 BHCs, as well as the average COR for

each loan category.

Our research stands in contrast to previous studies that primarily focused on aggregated

CORs for all banks. By examining disaggregated CORs, we avoid potential inaccuracies

caused by the exit of small and medium-sized banks facing liquidity problems, which are

then replaced by healthy banks.

Furthermore, we reveal notable disparities in the predictive content of macroeconomic

variables for CORs across specific loan segments. This underscores the critical importance of

loan disaggregation when assessing the relationship between macroeconomic indicators and

CORs.

Net charge-offs refer to the dollar amount of loans removed from the books (gross charge-

offs) that are charged against loss reserves, adjusted for any subsequent recoveries. The net

1This chapter is based on joint work published in the Journal of Financial Stability.
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Figure 1. Countercyclicality dynamics of charge-off-rates.

charge-off rate (COR) of a bank is calculated by dividing net charge-offs by its outstanding

loans. The COR signals crucial information about the quality and risk level of a bank’s loan

portfolio, which can generate harmful ripple effects on other banks and other sectors of the

economy.

Lessons learned from the recent subprime mortgage market crisis and the subsequent

Great Recession have highlighted the importance of well-functioning financial markets in

promoting sustainable economic prosperity. Financial crises often catch us by surprise and

have spillover effects on real activity sectors. As highlighted by Reinhart and Rogoff ,

financial market meltdowns can result in prolonged and more painful recessions. As can be

seen in Figure 1, the top 10 COR tends to increase rapidly prior to the onset of recessions.

The COR spread, which is the difference between the CORs of all banks and the top 10 BHCs,

also exhibits similar countercyclical dynamics, indicating that smaller banks experience an

accelerated increase in CORs compared with the large banks before a recession. It should

be noted that the recessions in the early 1990s and late 2000s were characterized by a rapid

surge in COR and its spread, leading to longer durations of these recessions.
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The aforementioned observations imply the potential benefits of good forecasting models

for CORs not only for bankers but also for policy makers. CORs can serve as valuable Early

Warning Signals (EWS) for economic downturns, providing timely information on potential

vulnerabilities in financial markets. The current literature offers a wide range of research

works focused on predicting financial market stability.

For instance, linear regression frameworks have been employed by Eichengreen, Rose,

and Wyplosz (1995); Sachs, Tornell and Velasco (1996); and Frankel and Saravelos (2012)

to investigate which economic variables can help predict the occurrence of crises. Paramet-

ric discrete choice models have been used by Frankel and Rose (1996); and Cipollini and

Kapetanios (2009). Also, nonparametric signal detection approaches have been explored by

Kaminsky, Lizondo and Reinhart (1998); Bruggemann and Linne (1999); Berg and Pattillo

(1999); Bussiere and Mulder (1999); Edison (2003); Berg, Borensztein and Pattillo (2005);

EI-Shagi, Knedlik and Schweinitz (2013); and Christensen and Li (2014), among others.

In the pursuit of selecting an appropriate measure to quantify potential risks in financial

markets, the choice holds significant importance. Since the seminal work of Girton and

Roper (1977), many researchers have used the Exchange Market Pressure (EMP) index,

which is designed to detect the turbulence within money and foreign exchange markets. A

comprehensive review of the EMP index can be found in Tanner (2002).

Alternatively, another measure that is gaining rapid popularity is the financial stress

index (FSI). Unlike the EMP index, FSIs are typically constructed using a wide range of

financial market variables. See Kliesen, Owyang and Vermann (2012) for a survey on this

topic. Recent studies have focused on examining the out-of-sample predictability of FSIs as

a proxy for financial market vulnerability. Notable works exploring this area include those

by Christensen and Li (2014); Kim, Wen and Kim (2020); Kim and Ko (2020); and Kim and

Wen (2021), among others.

In this paper, we propose factor-augmented forecasting models for an alternative mea-

sure of impending financial distress, that is, the net charge-off rate (COR), which provides
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insights into the loan portfolio quality of banks. To extract latent common factors, we

employ data dimensionality reduction methods on a large panel of nonstationary macroe-

conomic predictors. Specifically, we utilize the principal components (PC) method and the

partial least squares (PLS) method (Wold, 1982).

Building on the work of Stock and Watson (2002), there has been a growing body of

literature that uses PC approach to perform predictions of key macroeconomic variables.

For example, Engel, Mark and West (2015); Green, Mark, Sul and Wu (2018); Kim and

Park (2020); and Behera, Kim and Kim (2023) demonstrate that factor-based models out-

perform the random walk model in out-of-sample forecasting exercises for exchange rates.

Furthermore, West and Wong (2014); Chen, Jackson, Kim and Resiandini (2014); and Chi-

aie, Ferrara and Giannone (2022) highlight the usefulness of latent common factors in both

in-sample fitting and out-of-sample prediction of commodity prices.

Notwithstanding its popularity in the current literature, the principal components (PC)

method has certain limitations. As pointed out by Boivin and Ng (2006), the performance

of the PC approach may be constrained if the useful predictive content for the target is

contained within specific factors that are overshadowed by other factors. This is because

PC extracts common factors solely from predictor variables, without considering the specific

relationship with the target variable.

On the other hand, the partial least squares (PLS) method leverages the covariance

structure between the target and predictor variables to generate customized target-specific

factors. See Kelly and Pruitt (2015); and Groen and Kapetanios (2016) for comparisons

between the PC and PLS approaches. In what follows, we demonstrate that the models with

PLS factors indeed outperform both PC factor models, as well as benchmark models.

For our analysis, we constructed the net charge-off rate (COR) data for the top 10

largest U.S. bank holding companies (BHCs) utilizing consolidated financial statements (FR

Y-9C: Schedules HI-B and HC-C). The data covers the period from 1986:III to 2021:I. We

also conducted forecasting exercises for real estate loan CORs, which have a shorter sample
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period ranging from 1991:I to 2021:I. This is because real estate loans constitute a significant

portion of the business activities of the top 10 BHCs as will be demonstrated in subsequent

analysis.

To extract latent common factors, we compiled a large panel of 237 quarterly frequency

predictors from the FRED-QD database. These predictors encompass a wide range of vari-

ables related to both real economic activity and the financial sector. We utilized this panel

for the same sample period as the net COR data.

To evaluate and compare the out-of-sample predictability of our models, we employed

the relative root mean square prediction error (RRMSPE) statistics.2 We compared the

performance of our models against benchmark models, including stationary autoregressive

models and random walk models.

Our major findings can be summarized into the following key aspects. Firstly, our factor-

augmented forecasting models consistently outperform the benchmark models, particularly

when employing PLS factors. Secondly, our models demonstrate higher predictive accuracy

for CORs of business loans and real estate loans, while consumer loan CORs are more

challenging to predict. This suggests that business and real estate loan CORs are more

closely linked to macroeconomic predictors that capture business cycle factors. Consumer

loan CORs exhibit more persistent dynamics, making them more difficult to predict. Thirdly,

we find that real activity factors play a crucial role in predicting business loan CORs, often

dominating the performance of all other factor models. This aligns with the findings of

Boivin and Ng (2006) who demonstrate that additional data may not necessarily improve

predictions when noisy predictors are present. We also point out that our results complement

the work of Liu, Moon, and Schorfheide (2023), who propose a panel Tobit model with

heteroskedasticity to generate forecasts for bank-level loan charge-off rates in small banks.

While their study focuses on a large cross-section (large N) of short time series (small T )

of censored observations, our research sheds light on the forecasting of net charge-off rates

2For similar research conducted using the aggregate net charge-o� rate in the U.S. banking sector, see
Barth, Joo, Kim and Lee (2020).
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for the top 10 largest BHCs in the U.S., providing valuable insights into the overall banking

system.

The remainder of the paper is organized as follows. Section 2 provides a detailed de-

scription of our factor-augmented forecasting models, as well as the out-of-sample forecast

schemes employed in our study. We also outline the evaluation methods used to assess the

performance of our models. In Section 3, we offer data descriptions and provide an initial

overview of the data. Some in-sample analysis of our models is also presented. Section 4 re-

ports the results of our out-of-sample forecasts. We examine the performance of our models

using all factors as well as subsets of the predictors, which enables us to assess the influence

of different sets of factors sourced from various sectors of the economy on the accuracy of

our forecasts. Section 5 provides concluding remarks and discuss the implications of our

research.

1.2 The Forecasting Model with Latent Factors

This section presents our factor-augmented forecasting models for the charge-off rate

(COR) of U.S. bank holding companies (BHCs). We consider two benchmark models: the

nonstationary random walk (RW ) model and a stationary autoregressive (AR) model. In

what follows, we show that these benchmark models are augmented with latent common

factors that are estimated via an array of data dimensionality reduction methods for a large

panel of macroeconomic time series data, including the Principal Component (PC) and the

Partial Least Squares (PLS) methods for nonstationary predictors.

1.2.1 Data Dimensionality Reduction Methods to Estimate Latent Factors

Principal Component Approach

Since the seminal work of Stock and Watson (2002), PC has been popularly employed

in the current macroeconomic and international finance literature. To employ this approach,
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consider a large panel of N macroeconomic T � 1 time series predictors/variables, x =

[x1;x2; :::;xN ], where xi = [xi;1; xi;2; :::; xi;T ]
0 ; i = 1; :::; N . Abstracting from deterministic

terms, we assume the following factor structure for each predictor xi,

xi;t = �
0

if
PC
t + "i;t; (1.1)

where ft =
h
fPC1;t ; f

PC
2;t ; � � � ; fPCR;t

i0

is an R�1 vector of latent time-varying common factors at

time t. �i = [�i;1; �i;2; � � � ; �i;R]
0
denotes an R � 1 vector of time-invariant but idiosyncratic

factor loading coefficients for xi. That is, �
0
if
PC
t describes the underlying data generating

process from the common source in the economy, while "i;t is the idiosyncratic error term

only for ith predictor xi;t.

It should be noted that estimating the latent common factors via PC may be spurious if

"i;t is nonstationary. Since most macroeconomic time series variables are better approximated

by an integrated I(1) stochastic process, see Nelson and Plosser (1982), we apply the PC

method for the first-differenced data as follows to estimate the factors consistently.

∆xi;t = �
0

i∆fPCt +∆"i;t; (1.2)

for t = 2; � � � ; T . See Bai and Ng (2004) for more detailed explanation on this approach.

Estimates for the idiosyncratic components are naturally given by the residuals ∆"̂i;t =

∆x̃i;t� �̂
0
i∆f̂PCt . Level factors and level error terms are recovered via cumulative summation,

"̂i;t =
tX

s=2

∆"̂i;s; f̂
PC
t =

tX
s=2

∆f̂PCs (1.3)

Note that our approach yields consistent factor estimates even when x includes station-

ary variables because differencing I(0) variables result in I(�1), which is still stationary.3.

3Alternatively, one may continue to di�erence the variables until the null of nonstationarity hypothesis
is rejected via a unit root test, e.g., augmented Dickey-Fuller test. Although this approach is statistically
more rigorous, it may not be practically useful because unit root tests often provides contradicting statistical
inferences in small samples when the test speci�cation changes. See Cheung and Lai (1995)
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Target-Specific Factor Estimations via Partial Least Squares

Unlike PC, the PLS approach estimates target-specific factors that are customized for

the variable of interest.4 Let coi;j;t denote the net charge-off rate (COR) for loan type j of

a bank holding company i at time t. Abstracting from deterministic terms, consider the

following linear regression model.

coi;j;t = ∆x
0

t� + ei;j;t; (1.4)

where ∆xt = [∆x1;t;∆x2;t; :::;∆xN;t]
0 is an N � 1 vector of predictor variables at time t =

1; :::; T , while � is an N � 1 vector of associated coefficients. ei;j;t is an error term. Note

that we employ the first-differenced predictor variables, considering nonstationarity of xt as

explained in the previous section for PC.

PLS is particularly useful for sparse regression models with many predictors. Rewrite

(1.4) as follows, coi;j;t = ∆x
0
tw� + ut

=∆fPLS
0

i;j;t � + utwhere ∆fplsi;j;t =
h
∆fPLS1;i;j;t;∆f

PLS
2;i;j;t; :::;∆f

PLS
R;i;j;t

i0

; R < N is an R � 1 vector

of PLS factors for COR of a bank i for j type loan. Note that the PLS factor is a linear

combination of all predictor variables,

∆fPLSi;j;t = w
0
∆xt; (1.5)

wherewi;j= [w1;i;j;w2;i;j; :::;wR;i;j] is anN�R weighting matrix. That is,wr = [w1;i;j;r; ::; wN;i;j;;r]
0
,

r = 1; :::; R, is anN�1 vector of weights on predictor variables for the rth PLS factor, ∆fPLSr;i;j;t.

� is an R� 1 vector of PLS regression coefficients. Note that PLS regression minimizes the

sum of squared residuals from the equation (1.2.1) for � instead of � in (1.4), resulting in

target specific factor estimates for coi;j;t. It should be also noted, however, that we augment

4Kelly and Pruitt (2015); and Behera, Kim and Kim (2023) estimated target speci�c latent common
factors by combining least absolute shrinkage and selection operator (LASSO) with PLS and PC. Bai and
Ng (2008) introduced an approach to apply the method of principal components to targeted predictors.
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the benchmark forecasting model with estimated PLS factors ∆f̂PLSi;j;t only to make our mod-

els to be comparable with the PC factors. That is, we do not utilize � for our out-of-sample

forecasting exercises in the present paper.

We estimate PLS factors following the sequential procedure proposed by Helland (1990)

as follows.5 First, ∆f̂PLS1i;j;t is pinned down by the following linear combinations of the predic-

tors in ∆xt.

∆f̂PLS1;i;j;t =
NX
s=1

ws;1∆xs;t; (1.6)

where the loading (weight) ws;1 is given by Cov(coi;j;t;∆xs;t). Next, we regress coi;j;t and

∆xs;t on ∆f̂PLS1;i;j;t then get the residuals to remove the explained component by the first

factor ∆f̂PLS1;i;j;t. The second factor estimate ∆f̂PLS2;i;j;t is then obtained similarly as in (1.6) with

ws;2 = Cov(fcoi;j;t;∆x̃s;t). We repeat until the Rth factor ∆f̂PLSR;i;j;t is obtained.

1.2.2 Factor Augmented Forecasting Models

Factor Augmented Nonstationary Model

We augment two benchmark forecasting models, nonstationary random walk (RW )

model and stationary autoregressive (AR) model by adding latent factor estimates to improve

the out-of-sample predictability of the model. For simplicity, we denote∆f̂ t a vector of latent

factors obtained either by PC or PLS.

Our nonstationary RW benchmark model for COR (cot) is,

coBMRW
t+1 = cot + �t+1; (1.7)

where �t+1 is a white noise process, which implies coBMRW
t+j = cot+

Pj
s=1 �t+s. Therefore, the

j-period ahead forecast is the following.

ccoBMRW

t+jjt = cot (1.8)

5See Andersson (2009) for a brief survey on available PLS estimation algorithms.
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Augmenting the RW model by adding ∆f̂t to (1.7), we obtain the following. Abstracting

from deterministic terms again,

coFRW
t+j = cot + 


0

j∆f̂ t +
jX
s=1

�t+s; j = 1; 2; ::; k; (1.9)

Note that (1.9) nests the RW model (1.7) when 
j = 0.6

Note that we cannot use the unrestricted LS for (1.9) because the coefficient on cot is

restricted to be one. To resolve this problem, we first regress the long-differenced target

variable cot+j � cot on ∆f̂t to obtain the consistent estimate 
̂j, assuming that cot+j � cot is

stationary. Adding cot back to the fitted value yields the following.

ccoFRW

t+jjt = cot + 
̂
0

j∆f̂t (1.10)

Factor Augmented Stationary Forecasting Model

Our second benchmark model is motivated by the following stationary AR(1)-type

stochastic process.7

coBMAR
t+j = �jcot + ut+j; j = 1; 2; ::; k; (1.11)

where j�jj < 1 for stationarity. (1.11) implies the following j-period ahead forecast.

ccoBMAR

t+jjt = �̂jcot; (1.12)

where �̂j is the LS estimate of �j.

6Note that this speci�cation is inconsistent with our earlier speci�cation described in (1.4) that requires
stationarity of the target variable cot. Practically speaking, however, the random walk type models often
perform well in forecasting persistent variables. Furthermore, it is often di�cult to distinguish highly persis-
tent or near unit root variables from stationary variables (observational equivalence), leading us to the two
mutually exclusive stochastic processes described in (1.9) and (1.13).

7We employ a direct forecasting model by regressing cot+j directly on the current value cot. Alternatively,
one may employ a recursive forecasting approach with an AR(1) model, cot+1 = �cot + "t+1, which implies
�j = �j under this approach.
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Similarly as in (1.9), our second factor-augmented forecasting model is,

coFAR
t+j = �jcot + �

0

j∆f̂ t + ut+j; j = 1; 2; ::; k (1.13)

Therefore, we obtain the following j-period ahead forecast for the target variable,

ccoFAR

t+jjt = �̂jcot + �̂
0

j∆f̂t; (1.14)

where �̂j and �̂j are the least squares coefficient estimates. Note that (1.13) nests the

stationary benchmark model (1.11) when∆f̂ t does not contain any useful predictive contents

for cot+j, that is, �j = 0.

1.2.3 Evaluation Methods

We evaluate the out-of-sample predictability of our factor-augmented forecasting models

using a recursive (expanding) window scheme as follows.8

We begin with estimating the first set of factors
n
∆f̂t

oT0

t=1
using either PC or PLS for

the initial T0 < T observations, fcot;∆xi;tgT0

t=1, i = 1; 2; :::; N . Then, we formulate the

first forecast ccot+jjt as explained in the previous section. Then, one observation is added

for the second round forecasting. That is, we re-estimate
n
∆f̂t

oT0+1

t=1
from fcot;∆xi;tgT0+1

t=1 ,

i = 1; 2; :::; N , formulating the second round forecast, coT0+j+1. We repeat until we forecast

the last observation, coT .

To evaluate the out-of-sample prediction accuracy of our factor-augmented models, we

use the ratio of the root mean square prediction error (RRMSPE) defined as follows,

RRMSPE(j) =

r
1

T�T0�j
PT
t=T0+j

�
"Ft+jjt

�2

r
1

T�T0�j
PT
t=T0+j

�
"BMt+jjt

�2
; (1.15)

8Alternatively, �xed-size rolling window schemes may be used which may perform better if the underlying
data generating process changes. We do not employ this scheme as the results turn out to be less robust due
to small number of observations.
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where

"BMt+jjt = cot+j � ccoBMt+jjt; "Ft+jjt = cot+j � ccoFt+jjt (1.16)

Note that our factor models outperform the benchmark model when RRMSPE is less than

1. 9

1.3 The Empirics

1.3.1 Data Descriptions and Initial Look at the Data

Net Charge-Off Rates of the Top 10 Bank Holding Companies

We constructed the net charge-off rate (COR) on disaggregated loans as well as total

loans of the top 10 bank holding companies (BHCs) in the U.S., following the guidelines

given in the FR Y-9C reports that are obtained from the Federal Reserve Bank of Chicago.

The amount of gross charge-offs and recoveries are obtained from Schedule HI-B, while we

acquired the amount of outstanding loans from Schedule HC-C. Observations are quarterly

and span from 1986:III to 2021:I. We removed seasonality in the data using X-13ARIMA-

SEATS prior to estimation.

The National Information Center (NIC) provides the relevant information on BHCs and

other institutions, both domestic and foreign financial entities, that are operating in the U.S.

under the supervision of the Federal Reserve system. We selected the top 10 BHCs based

on the book or market value of total assets as of September 30, 2021 among the top 25

largest BHCs with a balanced loan structure with sufficient data availability.10 We excluded

some large BHCs such as Goldman Sachs, Morgan Stanley, and Charles Schwab, because

9Alternatively, one may employ the ratio of the root mean absolute prediction error (RRMAPE). That
is, the loss function is de�ned with the absolute value instead of the squared value. RRMAPE tends to
perform more reliably in the presence of outliers. Results are overall qualitatively similar.

10The values of assets are measured by book value for the �xed assets and by the market value of the
securities.
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those institutions lack sufficient business and consumer loan data that we are particularly

interested in. See Table 1 for information about these top 10 BHCs used in this paper.

Table 1. Top 10 Bank Holding Companies

Name ID RSSDID Location Asset($Mil) BL(%) CL(%) RL(%)
JPMorgan JPM 1039502 New York, NY 3,757,576 26.3 20.1 32.8
Bank of America BAC 1073757 Charlotte, NC 3,085,446 26.9 17.8 42.9
Wells Fargo WFC 1120754 San Francisco, CA 1,954,901 19.7 20.9 48.0
U.S. Bancorp USB 1119794 Minneapolis, MN 567,495 28.5 18.2 38.7
PNC PNC 1069778 Pittsburgh, PA 554,457 32.1 13.8 39.7
Truist TFC 1074156 Charlotte, NC 529,884 16.5 13.5 62.5
Fifth Third FITB 1070345 Cincinnati, OH 207,731 27.7 18.6 39.5
BMO BMO 1245415 Wilmington, DE 195,146 34.6 13.4 35.2
Citizens CFG 1132449 Providence, RI 187,549 19.6 17.7 51.4
KeyCorp KEY 1068025 Cleveland, OH 187,198 28.8 17.4 38.4

Note: The top 10 bank holding companies (BHCs) are selected based on the dollar

value of total assets as of September 30, 2021 among the largest BHCs with balanced

available loan data we are interested in. Some large BHCs such as Goldman Sachs,

Morgan Stanley, and Charles Schwab were excluded due to lack of su�cient business

and consumer loan data. BL and CL denote the average shares of business loans and

consumer loans, respectively, of each BHC during the sample period 1986:I to 2021:I.

RL denotes the real estate loans during 1991:I to 2021:I.

Table 1 also reports the average shares of business loans (BL), consumer loans (CL),

and real estate loans (RL) out of the total outstanding loans of each BHC. For example,

JPM’s average shares of the business, consumer, and real estate loans are 26.3%, 20.1%, and

32.8%, respectively. Overall, business and real estate loans constitute a major portion of the

top 10 BHCs’ loan business areas. The sample period of real estate loans is shorter, ranging

from 1991:I to 2021:I.

The rest of the total loans belongs to other categories such as credit card loans and

other consumer loans. Their sample periods are also from 1991:I to 2021:I, and the quality

of the data was clearly inferior to others.11 Therefore, we implement our forecasting exercises

11We observed frequent N.A. observations in these type COR data than those of the other major loan
categories.
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mainly for CORs of all, business, and consumer loans for the full sample period. We also

complement our exercises by implementing the same assessment for the real estate loan

CORs notwithstanding their short sample period, but because the real estate loan business

takes up the largest share for all 10 BHCs.

As can be seen in Figure 2, we also note that the shares of these loans are far from being

stable over time. Shares of the real estate loans overall exhibit an upward trend until the

beginning of the sub-prime mortgage market crisis near 2005-6, followed by a negative trend

as real estate loan activities declined since then. The shares of business loans often demon-

strate a mirror image of the real estate loan shares, implying that BHCs may adjust their

business loan activities considering the profitability of other type loan business. Consumer

loan shares are overall the smallest in most BHCs.

In addition to the individual BHC-level COR data, we created the top 10 average COR

(cot10;j;t) by utilizing the total loan amount of the top 10 BHCs and their associated total

net charge-offs as follows.

cot10;j;t =

P10
i=1 coi;j;tP10

i=1 loani;j;t
; (1.17)

where cori;j;t denotes the amount of net charge-offs on loan type j of a top 10 BHC i at time

t while loani;j;t is its associated amount of outstanding loans. We also employ the average

CORs of top 100 and all U.S. banks, which are obtained from the FRED.

Figure 3 reports dynamics of the CORs of the top 10 BHCs as well as the top 10

average COR (thick solid lines) in the first column. As we mentioned earlier, CORs tend

to rise rapidly before the onset of recessions such as the Great Recession in 2008-9. In the

second column, we report figures of individual top 10 BHCs’ COR deviations from the top

10 average COR. The top 10 average CORs seem to be reasonable approximation of overall

dynamics of individual CORs. The business loan CORs seem to show more homogeneous

dynamics while consumer loan CORs exhibit greater variability across BHCs.
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Figure 2. Top 10 business, consumer, and other loan shares
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Figure 3. Top 10 net charge-off rates
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Table 2 present summary statistics of CORs of the top 10 individual BHCs as well as

the three measures of aggregate CORs of top 10, top 100, and all banks. The mean (aver-

age) tends to be greater than the median value especially for business and all loans CORs,

resulting in overall positive skewness. For consumer loan CORs, medians were roughly close

to mean values. All three type loan CORs exhibit highly leptokurtic distributions, namely,

fat-tail distributions that are likely to occur in financial market data. The Jarque-Bera

statistics (Jarque and Bera, 1980, 1987) rejects the null hypothesis of normal distribution

for all cases. 12 The consumer loan COR tend to show higher standard deviations as seen

in Figure 3.

Cross-Section Properties of Net Charge-Off Rates

This subsection investigates the cross-section properties of CORs in the banking sector

via the pair-wise cross-correlation analysis of CORs in each type loans. For this, we first

remove serial correlation in coi;t using the following augmented Dickey-Fuller regression.13

coi;t = c+ �coi;t +
pX
s=1

�j∆coi;t + "i;t (1.18)

We then calculate the pair-wise correlation coefficients �̂i;j, i; j = 1; :::N using the residuals

"̂i;t and "̂j;t from (1.18) for top 10 individual BHCs and three aggregate measures, that

is, average CORs of the top 10, top 100, and all banks. Also, we present the following

cross-section dependence (CD) test statistic proposed by Pesaran (2021).

CD =

 
2T

N(N � 1)

!1=2
0@N�1X
i=1

NX
j=i+1

�̂i;j

1A!d N (0; 1); (1.19)

where T denotes the number of observations.

12We employ the critical values from Deb and Sefton 1996 to avoid size distortion problems in using the
asymptotic critical values.

13We use the general-to-speci�c rule with a maximum two lags to select the optimal number of lags.
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We report two heat maps in Figure 4 for the business loan CORs (upper panel) and

the consumer loan CORs (lower panel). Excluding �̂i;j of the aggregate measures, the cross-

correlations of business loan CORs range from 0:010 (JPM and BAC) to 0:784 (BAC and

KEY), whereas from �0:120 (PNC and BMO) to 0:651 (JPM and BAC) for consumer loan

CORs. The correlations range from �0:165 (USB and BMO) and 0:538 (TFC and KEY) for

all loan CORs.14

We note much lighter color in the upper-left area of the business loan COR heat map.

In fact, the correlations with JPM, �̂JPM;j, tend to be low, similarly as those with WFC. As

can be seen in Table 3, their average correlations are 0:193 and 0:204 for JPM and WFC,

respectively, which are lower than those of other top 10 BHCs. The average correlation of

all top 10 BHCs is 0:366 (0:330 including aggregate CORs). It should be noted, however,

that �̂i;j is overall higher for business loan CORs in comparison with consumer loan CORs.

Average �̂i;j of consumer loan CORs is 0:287 (0:255 including aggregate CORs), which is

substantially lower than that of business loan CORs. Average correlations are lower for

consumer loan CORs for 8 out of 10 BHCs with exceptions of JPM and CFG.

The cross-section dependence (CD) test statistics supports the presence of common

drivers in CORs, rejecting the null hypothesis of cross-section independence at the 1% sig-

nificance level for all three type loan CORs. We notice that the p-value of the business loan

CORs is lower than that of consumer loan CORs, which implies a stronger cross-section

dependence in the business loan CORs.

Large Panel of Macroeconomic Data

We employ 237 quarterly frequency macroeconomic time series variables from the FRED-

QD database, matching the sample period with that of the COR data. We log-transformed

all quantity variables prior to estimations, while those in percent such as interest rates and

unemployment rates were divided by 100.

14The heatmap of all loan CORs is not reported to save space. It is available upon request.
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Figure 4. Cross-correlation matrix of net charge-off rates
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We categorized these macroeconomic variables into 14 groups. Groups #1 through #6

include 118 real activity predictors, while groups #7 to #14 are nominal/financial sector

variables. In addition to extracting latent factors from all predictors, we also estimate real

activity factors and financial factors separately to track the sources of the predictability, if

any, for CORs. See Table A1 in the Appendix for more detailed information.

In what follows, we report greater predictive contents of macroeconomic latent factors

for the business loans in comparison with consumer loans, which implies that our factor-

based forecasting models would work better for the CORs of business loans than those of

consumer loans. We also obtained substantial predictive contents of the macro factors for

the top 10 real estate loan CORs.

1.3.2 Factor Model In-Sample Analysis

This section provides some useful in-sample properties of the factor estimates that are

obtained from the average CORs of the top 10 BHCs and the large panel of macroeconomic

predictors. In Figure 5, we first present estimated level factors, that is, f̂i;t =
Pt
s=2 ∆f̂i;s,

i = 1; 2, which are visually more tractable. PC factors are reported in the top left panel,

whereas PLS factors appear in other three panels, because PLS yields customized factors to

fit each target COR data.

As can be seen in Figure 5, the estimated level factors exhibit strong co-movement with

each other. This implies that PLS level factors for each type CORs are likely to be corre-

lated with business cycle dynamics, because PC factors are estimated utilizing differenced

macro/finance predictors, generating business cycle factors instead of trend components.

Also, this implies that both PC factors and PLS factors are likely to share predictive con-

tents for the CORs. We note, however, that PC factors overall demonstrate closer dynamics

with PLS factors for all loan CORs and business loan CORs, while PLS factors for consumer

loan CORs exhibit more pronounced dynamics in comparison with these other factors. In
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Figure 5. Level common factor estimates for top 10 CORs

what follows, we report our factor-augmented forecasting models perform better for all loan

CORs and business loan CORs than for consumer loan CORs.

Figure 6 reports the R2 statistics and the cumulative R2 statistics of PC and PLS factors

for up to 12 factors. By construction, PLS factors provide a better in-sample fit than PC

factors because PLS utilizes the covariance structure between the target (top 10 average

CORs) and the predictor variables, while PC factors are extracted only from the variance-

covariance structure of macro/finance predictor variables. Putting it differently, the PLS

method yields superior in-sample performance relative to the PC method by construction.

Note that, unlike PC factors, the cumulativeR2 statistics (second column) of PLS factors

exhibit positive slopes at a decreasing rate. This is because our PLS algorithm sequentially
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estimates orthogonalized common factors using residuals of the target and the predictors,

as explained earlier in Section 2. On the other hand, the PC method utilizes predictors

only without considering the target variable, thus additional R2 values do not necessarily

decrease. For example, f̂PC4;t seems to have the highest in-sample explanatory power for all

three CORs.

Following Ludvigson and Ng (2009), we investigate the source of the estimated common

factors via the marginal R2 analysis. That is, we regress each predictor onto the common

factor to measure how much of the variation in each predictor can be explained by the

common factor. Results are reported in Figure 7.

The first PC common factor, ∆f̂PC1;t , seems to be heavily correlated with real activity

predictors (groups #1 through #6) such as NIPA (#1, ID 1-22), industrial production (#2,

ID 23-38), and labor market condition (#3, ID 39-87) macroeconomic variables. ∆f̂PC2;t is

likely to be coming mainly from price predictors (#7, ID 119-166), while ∆f̂PC3;t explains

substantial variations of financial market predictors such as exchange rates (#10, ID 202-

206), stock markets (#11, ID 207-213), and household balance sheets variables (#13, ID 216-

224). On the other hand, ∆f̂PC4;t exhibits overall balanced marginal R2 statistics distribution

for both the real activity and the nominal/financial sector variable groups.

The marginal R2 statistics of the PLS factors exhibit similar distributions, especially

between ∆f̂PLSi;A;t (all loans CORs) and ∆f̂PLSi;B;t (business loans CORs). The marginal R2

statistics of ∆f̂PLS1;A;t and ∆f̂PLS1;B;t are distributed overall evenly except the price predictors (#7),

while ∆f̂PLS1;C;t (consumer loans CORs) explains the variations of the most predictors including

group #7 variables. Overall, the third and fourth PLS common factors, ∆f̂PLSi;j;t ; i = 3; 4 and

j = A;B;C, seem to explain the variations of the nominal/finance variables (#7 through

#14) more, while the first and the second PLS factors are more closely correlated with real

activity variables (#1 through #6).
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Figure 6. In-sample fit analysis of factor estimates.
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(a) PC Factors (b) PLS Factors: All Loans COR

(c) PLS Factors: Business Loans COR (d) PLS Factors: Consumer Loans COR

Figure 7. Marginal R2 analysis
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Table 2. Summary Statistics: Top 10 Charge-Off Rates

All Loans COR
ID Mean Median Std Dev Min Max Skew Kurt JB
JPM 0.710 0.519 0.474 0.251 2.447 2.284 19.821 1747
BAC 0.561 0.386 0.491 0.185 2.568 0.300 9.643 256
WFC 0.553 0.461 0.371 0.135 1.932 -0.018 7.523 118
USB 0.574 0.485 0.330 0.179 2.060 0.868 15.449 908
PNC 0.382 0.284 0.359 -0.098 2.086 1.792 16.630 1142
TFC 0.318 0.220 0.287 0.061 1.565 0.368 21.438 1958
FITB 0.423 0.276 0.422 0.100 2.075 2.990 23.269 2568
BMO 0.385 0.284 0.385 -0.162 1.889 0.776 11.956 475
CFG 0.350 0.218 0.308 0.057 1.545 1.308 10.325 348
KEY 0.456 0.302 0.458 0.099 2.379 2.105 18.596 1501
Top 10 0.568 0.419 0.391 0.200 2.313 2.821 15.998 1154
Top 100 1.025 0.740 0.671 0.390 3.360 1.386 10.472 365
All Banks 0.912 0.650 0.577 0.330 3.020 0.989 7.502 139

Business Loans COR
ID Mean Median Std Dev Min Max Skew Kurt JB
JPM 0.547 0.324 0.544 0.035 2.926 1.790 10.565 403
BAC 0.413 0.251 0.457 -0.260 2.718 0.733 9.423 250
WFC 0.499 0.378 0.411 0.027 2.213 0.409 6.404 70
USB 0.447 0.247 0.515 -0.322 2.894 0.109 6.033 53
PNC 0.470 0.248 0.692 -0.390 5.534 3.864 35.348 6360
TFC 0.293 0.214 0.249 -0.052 1.197 -0.386 9.403 239
FITB 0.397 0.301 0.353 -0.033 2.263 1.481 12.941 619
BMO 0.491 0.298 0.688 -0.531 4.916 2.512 31.441 4796
CFG 0.363 0.227 0.453 -0.364 2.334 0.358 15.148 851
KEY 0.445 0.200 0.610 -0.281 3.939 -0.454 15.197 860
Top 10 0.466 0.317 0.379 0.045 1.638 0.637 5.961 60
Top 100 0.745 0.520 0.615 0.030 2.660 1.342 7.297 148
All Banks 0.784 0.510 0.608 0.120 2.650 0.569 5.172 35

Consumer Loans COR
ID Mean Median Std Dev Min Max Skew Kurt JB
JPM 1.698 1.545 0.842 0.580 5.056 0.890 16.411 1052
BAC 1.649 1.287 0.991 0.782 5.550 -1.297 16.153 1033
WFC 1.344 1.229 0.546 0.560 4.098 1.662 21.962 2131
USB 1.396 1.309 0.546 0.298 2.882 -0.284 8.350 166
PNC 0.689 0.580 0.539 0.113 3.446 0.293 17.694 1243
TFC 0.965 0.990 0.438 0.202 2.515 0.424 15.801 946
FITB 0.708 0.591 0.367 0.223 2.080 2.243 15.057 952
BMO 0.580 0.377 0.508 0.109 2.122 -5.333 55.606 16567
CFG 0.616 0.582 0.361 0.036 1.972 -0.605 8.526 184
KEY 0.932 0.944 0.467 0.291 2.614 0.619 10.300 315
Top 10 1.424 1.329 0.708 0.634 4.143 -1.563 21.632 2052
Top 100 2.643 2.400 1.023 1.500 7.080 -0.370 7.888 141
All Banks 2.452 2.280 1.001 1.350 6.700 -0.369 7.690 130

Note: Skew and Kurt denote skewness and kurtosis, respectively. Results overall imply an asym-

metric and fat-tailed distribution of COR. JB denotes the Jarque-Bera statistics (Jarque and Bera,

1980, 1987; Deb and Sefton, 1996). The test rejects the null hypothesis of normality for all cases

at any conventional signi�cance level when the critical values from Deb and Sefton (1996).
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Table 3. Cross-Section Dependence in the Top 10 Charge-Off Rates

Average Cross-Correlations (�̂i)
coi;All;t coi;Bus;t coi;Con;t

JPM 0:345 0:193 0:397
BAC 0:409 0:465 0:414
WFC 0:259 0:204 0:186
USB 0:238 0:466 0:333
PNC 0:234 0:381 0:206
TFC 0:323 0:431 0:290
FITB 0:213 0:383 0:327
BMO 0:178 0:399 0:110
CFG 0:309 0:271 0:317
KEY 0:343 0:469 0:294
Top 10 0:398 0:372 0:463
Top 100 0:278 0:449 0:363
All Banks 0:214 0:475 0:362

Average �̂i 0:228 0:330 0:255
CD 23:515z 33:968z 26:279z

Note: �̂i;j denotes the cross-correlations of the residuals "i;t and "j;t from the ADF

regressions. We report the average cross-correlations of each CORs, �̂i= N�1P
i 6=j �̂i;j .

Average �̂i is the average value of all CORs’ average cross-correlations. CD denotes

the cross-section dependence statistics from Pesaran (2021). The superscript z denotes

a rejection at the 1% sign�cance level.
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1.4 Out-of-Sample Prediction Performance

We implement an array of out-of-sample (OOS) forecast exercises for the CORs of the

top 10 individual BHCs as well as the two aggregate CORs. Employing a recursive scheme,

we evaluate the OOS predictability of our factor-augmented forecasting models in comparison

with the two benchmark models, utilizing PC and PLS for 237 quarterly frequency time series

predictors. Motivated by the work of Boivin and Ng (2006), we also assess the predictability

of our models when factors are extracted from subsets of the panel data such as real activity

groups (#1 through #6) and nominal/financial sector groups (#7 through #14).

1.4.1 Out-of-Sample Predictability of the Total Macro Factors

We report the RRMSPE statistics (1.15) for an array of factor-augmented forecast-

ing models in comparison with the random walk (RW ) benchmark model. The RRMSPE

statistics with the stationary autoregressive (AR) model is also presented. Recall that com-

peting models perform better than the benchmark RW model when the RRMSPE is less

than one.

We begin with the OOS forecasts for all loan CORs. Figure 8 compares the 1-quarter

ahead out-of-sample prediction performance of the two factor-augmented stationary AR

model forecasts, ccoPLSARt+1jt and ccoPCARt+1jt , the two factor-augmented nonstationary RW model

forecasts, ccoPLSRWt+1jt and ccoPCRWt+1jt , and the AR benchmark model forecast, ccoARt+1jt. Results

overall imply that our factor-augmented forecasting models yield substantial improvement

in short-term predictability over the both benchmark models. Detailed analysis is as follows.

We observe that ccoARt+1jt outperforms the benchmark ccoRWt+1jt (RRMSPE < 1) for five

BHCs (JPM, WFC, USB, PNC, BMO) but not for the rest of BHCs (BAC, TFC, FITB,

CFG, KEY). We note that ccoARt+1jt performs worse than ccoRWt+1jt for the two aggregate CORs,

the top 10 average COR and the average COR of all banks.
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In most cases, ccoPLSARt+1jt and ccoPCARt+1jt exhibit superior performance over the benchmark

models. ccoPLSRWt+1jt also outperforms ccoRWt+1jt when sufficiently large number (around 4 or more)

of factors are used, while ccoPCRWt+1jt does not perform very well no matter how many factors are

employed. In a nutshell, the PLS factors ∆f̂PLSi;A;t seem to play an important role in enhancing

the predictability consistently even with a single factor ∆f̂PLS1;A;t .

Figure 8. 1-period ahead out-of-sample forecast performance: all loans COR.
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Figure 9 provides the RRMSPE statistics for the 2-quarter ahead OOS prediction

models. ccoARt+2jt outperforms the benchmark ccoRWt+2jt for five BHCs (JPM, WFC, USB, PNC,

BMO) again but not for the rest of BHCs. ccoARt+2jt also performs worse than ccoRWt+2jt again for

the two aggregate CORs, but the RRMSPE statistics are closer to one when the forecast

horizon rises from 1 to 2. In fact, the performance of ccoARt+2jt improved in most cases.

ccoPLSARt+2jt and ccoPCARt+2jt continue to outperform the benchmark model ccoRWt+2jt, and so does

ccoPLSRWt+1jt when sufficiently large number of factors are used. For the aggregate CORs,

our factor-augmented forecasting models again demonstrate superior predictability over the

benchmark models.

Figures 10 and 11 report the RRMSPE statistics for the 4-quarter (1-year) and 8-

quarter (2-year) ahead OOS prediction models. It should be noted that the predictability of

the stationary benchmark model, ccoARt+4jt and ccoARt+8jt, continues to improve the predictability

at longer-horizons, reflecting that the deviations of CORs tend to quickly revert back to

their equilibrium paths.

Our factor-augmented models outperform the benchmark RW model. However, addi-

tional information gains by adding factors seem to diminish as we can see that ccoPLSARt+8jt and

ccoPCARt+8jt perform similarly well as ccoARt+8jt. See Table A2 in the Appendix for more detailed

results for the aggregate CORs of the top 10 banks and all U.S. banks.

We now turn to the performance of our forecasting models for disaggregated COR data,

that is, business loan CORs and consumer loan CORs as well as real estate loan CORs.

Figure 12 reports the RRMSPE statistics for the business loan aggregate CORs of the top

10 banks and those of all U.S. banks for the 1-quarter to 8-quarter ahead forecasts. ccoPLSARt+jjt ,

ccoPCARt+jjt , and ccoPLSRWt+jjt again outperform the nonstationary RW model in most cases. These

factor models overall outperform the stationary AR model at short horizons (H = 1; 2),

whereas additional gains over ccoARt+jjt appear to diminish as the forecast horizon gets longer.

See Table A3 in the Appendix for more detailed results.
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As can be seen in Figure 13, our forecasting models demonstrate mixed performance for

consumer loan CORs in comparison with the performance for business loan CORs. ccoPLSARt+jjt ,

ccoPCARt+jjt , and ccoPLSRWt+jjt overall outperform both benchmark models, ccoARt+jjt and ccoRWt+jjt, for
consumer loan CORs of all U.S. BHCs, but less satisfactorily for the top 10 average COR

for consumer loans. See Table A4 in the Appendix for more detailed results.

One interesting finding is that ccoARt+jjt performs better than ccoRWt+jjt only in 8-period ahead

forecasts, which is in stark contrast with previous results for business loan CORs. This

reminds our in-sample findings we reported earlier. Consumer loan CORs tend to exhibit

greater degree of idiosyncratic dynamics (Figure 3) as well as substantially greater stan-

dard deviations (Table 2). Although most level factors tend to demonstrate a (near) unit

root process, the level factors from consumer loan CORs, f̂PLSi;C;t , show even more persistent

dynamics (Figure 3), which may be related with the Martingale property of consumption.

Putting it differently, consumption smoothing by optimizing agents may imply a martingale

process of consumption that is difficult to forecast.

Figure 14 reports the performance of our factor forecasting models for real estate loan

CORs. Although direct comparisons with previous results are difficult due to the different

sample period (1991:I-2021:I), we implement forecasting exercises for real estate loan COR,

because real estate loans comprise one of the major business components of large U.S. BHCs

(see Table 1 and Figure 2). We obtained the following interesting findings.

For the top 10 average COR for real estate loans, ccoPLSARt+jjt and ccoPCARt+jjt outperform both

benchmark models substantially especially at shorter horizons and when the number of

factors is small. Both nonstationary factor models, ccoPLSRWt+jjt and ccoPCRWt+jjt , perform overall

poorly. On the other hand, we were unable to find superior performance of our factor models

for all bank CORs. Furthermore, the out-of-sample forecasting performance tend to become

worse when the number of factors increases.

In a nutshell, more factors do not necessarily yield useful predictive contents for real

estate loan CORs, which implies that useful information for predicting real estate loan CORs
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may reside in first few macroeconomic factors, whereas other factors tend to provide noise

in our forecasting exercises. Better performance of our factor forecasting models for the top

10 average COR in comparison with all bank COR may reflect the latter is calculated with

the banks that survive the crisis. That is, small banks that exit the banking industry may

not be used for the all bank CORs.

1.4.2 Real Activity vs. Nominal/Financial Factors

As shown by Boivin and Ng (2006), more variables are not necessarily better for the

purpose of forecasting if some predictors do not possess useful predictive contents. Including

such variables can increase noise in formulating predictions. In a similar vein, Behera and

Kim (2019) demonstrate that factors extracted from real activity variables, excluding finan-

cial sector variables, tend to yield greater predictive contents for U.S. real effective exchange

rate at longer horizons.15

Figure 15 presents the RRMSPE statistics of our PLS factor-augmented OOS fore-

casting models for the all loan COR of the top 10 BHCs, using total factors, real activity

factors (groups #1 to #6, data ID 1-118), and financial/nominal factors (groups #7 to #14,

data ID 119-237).16 Results imply that the total factor model (ccoPLSARt+jjt ) and financial factor

model (ccoPLSAR�Ft+jjt ) perform similarly well, outperforming both benchmark models. The real

factor model (ccoPLSAR�Rt+jjt ) also overall outperforms both benchmark models but worse than

other factor models. See Tables A5 and A6 in the Appendix for more detailed results.

Figure 16 present our forecasting exercises with these subset factors for the business

loan COR of the top 10 BHCs. Results are in stark contrast with those for the all loan

COR. We note that ccoPLSAR�Rt+jjt overall outperform not only the benchmark models, ccoARt+jjt
and ccoRWt+jjt, but also other factor-augmented models ccoPLSARt+jjt and ccoPLSAR�Ft+jjt . The PLS real

15Similarly, Behera, Kim and Kim (2023) show that only U.S. factors play an important role in out-
of-sample forecasting the KRW-USD real exchange rate, while Korean factors tend to serve as noise in
forecasting. They explain such superior predictability of U.S. factors using high degree co-movement behavior
of many bilateral exchange rates relative to the U.S.

16PC Factor-augmented models perform similarly. Results are available upon request.
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factor model and the total factor model both outperform other models substantially at the

1-quarter forecast horizon, implying that real activity predictors contain more important

predictable contents for the business loan COR. ccoPLSAR�Rt+jjt strongly dominate other models

at the 2-quarter and the 4-quarter forecast horizons. It continues to outperform others at

8-quarter horizon but marginally. These findings imply that business loan CORs are heavily

influenced by macroeconomic real activity, whereas financial factors play a limited role in

predicting business loan CORs. See Tables A7 and A8 in the Appendix for more detailed

results.

Figure 17 confirms our earlier findings regarding the difficulty to obtain substantial

predictability gains from factors for consumer loan CORs. It should be noted that neither our

factor-augmented forecasting models nor the stationary AR benchmark model consistently

outperform the nonstationary RW model (ccoRWt+jjt). These findings are again consistent with

substantially persistent dynamics (close to a unit root process) of consumer loan CORs. See

Tables A9 and A10 in the Appendix for more detailed results.
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Figure 9. 2-period ahead out-of-sample forecast performance: all loans COR.
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Figure 10. 4-period ahead out-of-sample forecast performance: all loans COR.
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Figure 11. 8-period ahead out-of-sample forecast performance: all loans COR.
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Figure 12. Out of sample forecast performance: aggregate CORs of business loans.
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Figure 13. Out of sample forecast performance: aggregate CORs of consumer loans.
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Figure 14. Out of sample forecast performance: aggregate CORs of real estate loans.
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Figure 15. Real vs. finance factors: top 10 banks average COR of all loans.
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Figure 16. Real vs. finance factors: top 10 banks average COR of business loans.
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Figure 17. Real vs. finance factors: top 10 banks average COR of consumer loans.
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1.5 Concluding Remarks

This paper proposes factor-augmented forecasting models for the net charge-off rate

(COR) of the top 10 largest U.S. bank holding companies (BHCs) in a data rich environment.

The COR serves as a crucial indicator of the riskiness of loan portfolios in the banking

system, with potential spillover effects on both financial markets and the real economy. One

of the primary contributions of our research lies in the ability of our forecasting models to

serve as Early Warning Signals (EWS), offering timely insights into signs of financial market

instability. By accurately predicting the COR for the top 10 BHCs, our models provide

valuable information for monitoring and managing risks in the banking sector.

By leveraging individual CORs for disaggregated loans, our models aim to mitigate

potential inaccuracies arising from the exit of small and intermediate banks from the finan-

cial system. Furthermore, our analysis reveals notable variations in the predictability of

macroeconomic factors for CORs across different loan categories. This finding underscores

the importance of considering loan disaggregation when examining the relationship between

macroeconomic indicators and the COR, highlighting the need for a nuanced understanding

of risk dynamics in specific loan segments.

In this study, we employ various data dimensionality reduction methods on a large panel

of 237 quarterly frequency macroeconomic variables from 1986:III to 2021:I. By applying

Principal Component (PC) and Partial Least Squares (PLS) techniques, we extract latent

common factors, which are employed to augment the benchmark model to improve the out-

of-sample predictability of CORs.

We assess the prediction accuracy of our models relative to two benchmark models: the

stationary autoregressive and the nonstationary random walk models. Our factor-augmented

models consistently outperform these benchmarks, particularly in forecasting CORs for busi-

ness loans, real estate loans, and all loans combined. Forecasting consumer loan CORs
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remains challenging. These findings suggest that latent factors derived from the underly-

ing forces driving the business cycle dynamics strongly influence business loan CORs. In

contrast, consumer loan CORs exhibit more persistent dynamics, potentially due to the

Martingale property of consumption, which limits the gains from incorporating latent fac-

tors.

Additionally, we find that factors derived from a subset of macro predictors, specifically

real activity predictors, significantly enhance the out-of-sample predictability of business loan

CORs. While finance factors also offer useful predictive content for CORs, they often do not

provide additional contributions when real factors are present, although they also contain

stand-alone useful predictive information for CORs. These findings align with the work of

Boivin and Ng (2006) who demonstrated the importance of relevant common factors for

the target variable. Overall, our study demonstrates the effectiveness of factor-augmented

models in forecasting the riskiness of loan portfolios. These models have implications for

financial market stability and risk management within the banking sector, offering valuable

insights for informed decision-making.
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Chapter 2

Fiscal Policy E�ects on U.S. Labor Market

with H. Kim and D. Ryu 1

2.1 Introduction

The sluggish recovery from the recent Great Recession has revived the debate on the

e�ectiveness of the �scal policy in stimulating economic activity among the economics pro-

fession. Can increases in government spending help promote economic activity in the private

sector? And if so, will key variables of interest such as consumption, investment, employ-

ment, and real wages respond persistently positively to expansionary �scal policy? These

questions has led to a large literature on this issue.

Some researchers are fairly optimistic about the role of government stimulus. They

report overall positive responses of consumption, real wages, and output to expansionary

government spending shocks, which are roughly in line with the New Keynesian macroe-

conomic model, even though replications of empirical �ndings can be di�cult unless their

models are heavily restricted. See, among others, Rotemberg and Woodford (1992); Dev-

ereux, Head, and Laphan (1996); Fat�as and Mihov (2001); Blanchard and Perotti (2002);

Perotti (2004); and Gal��, L�opez-Salido, and Vall�es (2007).

On the other hand, another group of scholars provides strong evidence of negative re-

sponses of consumption and real wages to �scal spending shocks. See, for example, Aiyagari,

Christiano, and Eichenbaum (1992); Hall (1986); Ramey and Shapiro (1998); Edelberg,

Eichenbaum, and Fisher (1999); Burnside, Eichenbaum, and Fisher (2004); Mountford and

1This chapter is based on joint work published in theJournal of Economic Development.
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Uhlig (2009); Ramey (2012); and Owyang, Ramey, and Zubairy (2013). Ramey (2011b)

points out that these responses re
ect a negative wealth e�ect that often appears in the neo-

classical macroeconomic model such as Aiyagari, Christiano, and Eichenbaum (1992); and

Baxter and King (1993). Increases in government spending may result in a negative wealth

e�ect because the government has to raise tax in the future to �nance the de�cits. Ratio-

nal consumers respond to it by reducing consumption and increase labor supply. Overall,

empirical evidence on the e�ectiveness of �scal stimulus is mixed.2

It should be noted that much of the attention in the literature has focused on the e�ects

of the �scal policy on the gross domestic product (GDP) and consumption, whereas much

less attention was paid to its e�ects on labor market conditions, although policy-makers

seems to have focused more on the latter in their e�orts to combat the Great Recession.3

Some research works report a positive �scal policy e�ect on employment as aby-product

of its output e�ects. See, among others, Fat�as and Mihov (2001) and Burnside, Eichenbaum,

and Fisher (2004). In contrast, some focused on its direct e�ects on labor market variables.

Finn (1998) demonstrates an increase in government jobs could result in a decrease in private

sector employment. Cavallo (2005) proposes a similar model but with a dampened negative

e�ect on consumption as the government spending for public employment serves as a transfer

for households. Monacelli, Perotti, and Trigari (2010) report more bene�cial e�ects of the

�scal policy on an array of labor market variables. Overall, the labor market e�ects of �scal

2One closely related issue is on the possibility of the asymmetric e�ects of the government spending shock.
That is, �scal policy may become more e�ective in the presence of slacks during recessions. Again, empirical
evidence is again mixed. Auerbach and Gorodnichenko (2012); Bachman and Sims (2012); Mittnik and
Semmler (2012); and Fazzari, Morley, and Panovska (2015) report higher �scal multipliers in a regime of a
low economic activity than those in a high regime activity, whereas Owyang, Ramey, and Zubairy (2013);
Ramey and Zubairy (2014); and Kim and Jia (2017) �nd no such evidence. Christiano, Eichenbaum, and
Rebelo (2011) reports a larger spending multiplier when the zero lower bound on the nominal interest rate
binds.

3The U.S. Congress enacted the American Recovery and Reinvestment Act of 2009 (ARRA) in February
2009. The Recovery Act was signed into law by then-President Barack Obama one week later on February
17, 2009. In addition to extensive economic stimulus programs, the law's primary objective was to create
new employment opportunities as well as saving existing jobs. For instance,$275 billion out of the total
$787 billion funding was allocated in federal contracts, grants, and loans that hired new sta�s in the public
agencies such as the Environmental Protection Agency and the Food and Drug Administration. In addition,
$224 billion was allocated for extended unemployment bene�ts, education and health care.
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policy have been somewhat overlooked in the current literature, and we attempt to �ll the

gap.

In this paper, we investigate the �scal policy e�ects on labor market variables in the

U.S. using an array of recursively identi�ed vector autoregressive (VAR) models, similar to

the one by Blanchard and Perotti (2002), for the post-war macroeconomic data. Unlike

Monacelli, Perotti, and Trigari (2010), we distinguish the key labor market variables in the

private sector from those in the government sector. Unlike Finn (1998); and Cavallo (2005),

we focus onempirical evidence of the �scal policy e�ects on labor market conditions. Our

major �ndings are as follows.

First, government spending shocks are not e�ective in stimulating private activity. The

private gross domestic product that excludes government spending responds negatively to

the �scal spending shock. Furthermore, its negative responses eventually dominate increases

in the government spending. Second, �scal spending shocks increase government jobs at

the expense of private employment. Private and government wages both rise in response

to expansionary �scal policy, although increases in private wages are overall insigni�cant.

Government wages rise signi�cantly and persistently. Third, corporate pro�ts have virtually

no role in improving the labor market conditions, meaning that there's not much evidence of

the so-called trickle-down e�ect that is crucial for pro�t-led economic growth models. Also,

increases in productivity have limited e�ects in enhancing labor market conditions.

Lastly, we corroborate these in-sample evidence with an array of out-of-sample forecast-

ing exercises that statistically evaluate predictive contents of key macroeconomic variables

for wages and employment in the future. Government spending seems to have substantial

and signi�cant out-of-sample predictive contents for employment. Private GDP contains

some useful information for dynamics of wages and jobs in the future. On the contrary,

corporate pro�ts have virtually no predictive contents for jobs and wages, which is again

at odds with implications of the trickle-down e�ect. Again, productivity provides limited

information for out-of-sample prediction of private jobs and wages.
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The remainder of this paper is organized as follows. Section 2 introduces our VAR

models and out-of-sample forecast schemes. In Section 3, we present data descriptions and

our major empirical �ndings. We also report an array of robustness check analyses and

simulation exercises. Section 4 reports our out-of-sample forecasting exercise results. Section

5 concludes.

2.2 The Econometric Model

We employ the following vector autoregressive (VAR) model.

x t = 
 0d t +
pX

j =1

A j x t � j + Cu t ; (2.1)

where

x t = [ gt yt labt i t mt ]0;

d t is a vector of deterministic terms that includes an intercept and time trend,C is a

lower-triangular matrix, and u t is a vector of mutually orthonormal structural shocks, that

is, Eu tu
0

t = I . gt denotes the real federal government consumption and gross investment

spending per capita,yt is the real GDP per capita,labt is the labor market variable,i t is the

e�ective federal funds rate, andmt denotes the monetary base.

We are particularly interested in the j -period ahead orthogonalized impulse-response

functions (OIRF) de�ned as follows.

IRF (j ) = E (x t+ j juk;t = 1; 
 t � 1) � E (x t+ j j
 t � 1) ; (2.2)

where uk;t is the structural shock to the kth variable in (2.1) and 
 t � 1 is the adaptive

information set at time t � 1.4

4That is, the information set has the following property, 
 t � 1 � 
 t � 2 � 
 t � 3 � � � � .
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We also consider the private real GDP per capita (pgdpt ) for yt in (2.1), which does not

include the total government consumption and gross investment. Forlabt , we employ one of

the following four labor market condition variables: private sector wages (pwt ), government

sector wages (gwt ), private sector employment (pj t ), and government sector employment

(gj t ).

Note that gt is ordered �rst in (2.1), meaning thatgt is not contemporaneously in
uenced

by innovations in other variables within one quarter. This assumption is often employed in

the current literature (e.g., Blanchard and Perotti [2002] and Ramey [2011a]), because imple-

mentations of discretionary �scal policy actions normally require Congressional approvals,

which take longer than one quarter. On the other hand, the money market variables,i t

and mt , are ordered last. This is because the Federal Open Market Committee (FOMC)

can revise the stance of monetary policy via regular and emergency meetings whenever it is

necessary.i t is ordered beforemt because the Fed targets the interest rate and the monetary

base responds endogenously.

It is well documented that econometric inferences from recursively identi�ed VAR mod-

els may not be robust to alternative VAR ordering. However, Christiano, Eichenbaum, and

Evans (1999) show that impulse-response functions can be invariant when the location of

the shocking variable is �xed. It turns out that all response functions to the �scal spending

shocks are numericallyidentical even when one randomly rearranges the variables next to

gt .5 Therefore, our key �ndings presented in this paper are robust to alternative ordering.

In addition to the VAR model (2.1) for in-sample analysis, we employ the following

autoregressive (AR) typeout-of-sampleforecasting model to study the predictive contents

for labor market variables in other macroeconomic variableszt . For this purpose, we use

the following j -period ahead AR(1)-type prediction model. Abstracting from deterministic

5Similarly, all response functions to monetary policy shocks stay identical even if the variables before the
monetary variables are randomly reshu�ed.
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terms, the benchmark forecasting model is,

labt+ j = � j labt + ut+ j ; j = 1; 2; ::; k; (2.3)

where � j is less than one in absolute value for stationarity. Note that we employ adirect

forecasting approach by regressinglabt+ j on the current valuelabt . It should be also noted

that � j coincides with the AR(1) persistence parameter (� 1 = � ) when j = 1.6 The ordinary

least squares (OLS) estimator for (2.3) yields the followingj -period ahead forecast from this

benchmark AR-type model.

labBM
t+ j jt = �̂ j labt (2.4)

We propose the following competing model that extends (2.3) with a predictor variable

zt .

labt+ j = � j labt + � j zt + ut+ j ; j = 1; 2; ::; k (2.5)

Applying the OLS estimator for (2.5), we obtain the followingj -period ahead forecast for

the target variable from this competing model,

labC
t+ j jt = �̂ j labt + �̂ j zt (2.6)

Note that the competing model (2.5) nests the stationary benchmark model (2.3) whenzt

does not contain any useful predictive contents forlabt+ j , that is, � j = 0.

We implement out-of-sample forecast exercises, employing a �xed-size rolling window

method that performs better than recursive methods in the presence of a structural break.

We �rst estimate the coe�cients in our forecasting models (2.3) and (2.5) using the

initial T0 < T observations, f labt ; ztg
T0
t=1 , then obtain the j � period ahead out-of-sample

forecast for the target variable,labT0+ j by (2.4) or (2.6). Next, we move the sample period

of the data forward by adding one more observation to the sample but dropping one earliest

6For j > 1, � j = � j and ut + j = " t + j + �" t + j � 1 + ::: + � j � 1" t +1 , where " t is a white noise process.
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observation, f labt ; ztg
T0+1
t=2 , then re-estimate the coe�cients for the next round forecast for

labT0+ j +1 . Note that we maintain the same number of observations (T0) throughout the

whole exercises. We repeat until we forecast the last observation,labT . We implement this

scheme for up to 12 quarter (3 years) forecast horizons,j = 1; 2; :::; 12.

For evaluations of the out-of-sample prediction accuracy, we use the ratio of the root

mean square prediction error (RRMSPE) de�ned as follows,

RRMSPE (j ) =

r
1

T � T0 � j

P T
t= T0+ j

�
uBM

t+ j jt

� 2

r
1

T � T0 � j

P T
t= T0+ j

�
uC

t+ j jt

� 2
; (2.7)

where

uBM
t+ j jt = labt+ j � labBM

t+ j jt ; uC
t+ j jt = labt+ j � labC

t+ j jt (2.8)

Note that our competing model outperforms the benchmark model whenRRMSPE is greater

than 1.

We supplement our analyses by employing the Diebold-Mariano-West (DMW ) test. See

Diebold and Mariano (1995) and West (1996). For this, we de�ne the following loss function,

dt = ( uBM
t+ j jt )

2 � (uC
t+ j jt )

2; (2.9)

where the squared loss function can be replaced by the absolute value loss function. The

DMW statistic is de�ned as follows to test the null of equal predictive accuracy, that is,

H0 : Edt = 0,

DMW (j ) =
�d

q
dAvar ( �d)

; (2.10)

where �d is the sample average,�d = 1
T � T0 � j

P T
t= T0+ j dt , and dAvar ( �d) denotes the asymptotic

variance of �d,

dAvar ( �d) =
1

T � T0

qX

i = � q

k(i; q)�̂ i ;
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wherek(�) is a kernel function with the bandwidth parameterq, and �̂ i is the i th autocovari-

ance function estimate.

It is known that the asymptotic distribution of the DMW statistics does not follow

the standard normal distribution when the competing model nests the benchmark one as in

our case. Therefore, we use the critical values from McCracken (2007) that re-centers the

distribution of the test statistics to acquire asymptotically correct critical values.

2.3 Empirical Findings

2.3.1 Data Descriptions

We obtained all data from the Federal Reserve Economic Data (FRED). Observations

are quarterly frequency and span from 1960:I to 2017:II.

The private GDP (pyt ) is the total GDP ( yt ) minus the total government consumption

and gross investment spending (tgt ). That is, tgt include the federal government spending

(gt ) as well as those of the state and local governments. All income/spending variables are

log-transformed and are expressed in real per capita terms using the GDP de
ator and total

population. The money market variables are the e�ective federal funds rate (EFFR,i t ) and

the monetary base (MB,mt ), which are used to control the e�ect of monetary policy.

The private wage (pwt ) is the total compensation in the private sector (A132RC1Q027SBEA)

divided by the GDP de
ator and the number of employees in the total private industries

(USPRIV; pj t ). The government sector wage (gwt ) denotes the total compensation in the

government sector (B202RC1Q027SBEA) divided by the GDP de
ator and the number of

employees in the government (USGOVT;gj t ). In addition to the private sector jobs (pj t )

and the government sector jobs (gj t ), we also use the total nonfarm employment (PAYEMS;

tj t ) in our baseline VAR models.

The corporate pro�ts (prf t ) is the nominal corporate pro�ts after tax (CP) divided

by the GDP de
ator, which is log-transformed. We consider the following two measures
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of productivity ( prdt ): real output per person in nonfarm business sector (OPHNFB) and

real output per hour of all persons in nonfarm business sector (PRS85006163). Both are

log-transformed and yielded similar results, so we report �ndings with the second measure

of productivity.

Figure 1 reports time series graphs of key macroeconomic data in panel (a) and of labor

market variables in panel (b). All variables exhibit an upward trend over time. In order to

check the business cycle properties of the data, we apply the Hodrick-Prescott (HP) �lter

to the data with a smoothing parameter of 1,600 for quarterly data. Figure 2 reports the

cyclical components along with the NBER recession dates marked in shaded areas.

By construction, the real GDP per capita (yt ) tends to decrease (increase) when the

economy enters a downturn (boom) phase. The federal government spending (gt ) often

exhibits counter-cyclical movements, re
ecting stabilization policies that are implemented

by the federal government. The corporate pro�ts and the real hourly output (productivity)

tend to show procyclical dynamics. Private wages and jobs overall exhibit comovements and

are procyclical, while government wages and jobs often increase during economic downturns.

It should be noted that the wage gap (gwt � pwt ) and the job ratio (gj t � pj t ) show strong

counter-cyclical movements. That is, the wage gap and the job ratio tends to rise rapidly

during economic downturns. In what follows, we show that these changes can be explained

by expansionary government spending shocks.

2.3.2 VAR Analysis

This subsection reports an array of the impulse-response function estimates based

on (2.1) and (2.2) along with the one standard deviation con�dence bands that are gen-

erated from 500 nonparametric bootstrap simulations. We �rst report responses of the

real GDP variables (yt and pyt ) to the �scal spending shock (gt ) in Figure 3 based on

x t = [ gt pyt tj t i t mt ]0 and x t = [ gt yt tj t i t mt ]0, where tj t is the total nonfarm

employment.

58



(a) Macroeconomic Data

(b) Labor Market Data

Figure 1. The Data
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(a) Macroeconomic Data

(b) Labor Market Data

Figure 2. Business Cycle Components of the Data
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Figure 3. Fiscal Policy E�ects on the Real Gross Domestic Product

One notable �nding is that the government spending (gt ) shock is ine�ective in stimu-

lating private activity ( pyt ). The initial increase in the real GDP (yt ) is driven mainly by

the increase in the government spending because the private spending barely responds to the

shock in the short-run. Eventually, the real GDP responses become negligible as the private

GDP declines, cancelling out the increase in the government spending.7

In Figure 4, we report �scal policy e�ects on key labor market variables. As can be

seen in the upper panel (a), the government spending shock has a statistically signi�cant

positive e�ect only on the government sector wages (gwt ). Its e�ect on the private sector

wages (pwt ) is statistically insigni�cant, although its point estimates stay positive for about

2 years. The wage gap (gwt � pwt ) responds positively, meaning that public sector workers

are more likely to bene�t from �scal policy shocks.

It turns out that these responses are closely related with those of employment in the

private and the government sectors that are reported in the lower panel (b). In response to

7The monetary policy shock, identi�ed by a negative (� ) 1% shock to the EFFR (i t ), generates a sig-
ni�cant stimulus e�ect on the private GDP. The response of the total GDP is weaker (in percent) than
that of the private GDP, which implies that the monetary policy shock stimulates private spending not the
government spending. All results are available upon requests.
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the government spending shock, private jobs (pj t ) declines signi�cantly for about 4 years,

while government sector jobs (gj t ) increase signi�cantly for over a year.

It should be noted that these responses are likely to occur when the government imple-

ments value-addedtype policy instead ofgovernment purchases. That is, when the govern-

ment hires more workers, private sector labor may move to the government sector, which

results in a decrease in the labor supply in the private sector. Strong demand in the govern-

ment labor market raises the government wages, while a decrease in the labor supply in the

private sector also increases the private wages.8

We noticed that the �scal policy has not been quite successful in improving the labor

market condition. We next investigate how other economic variables in
uence the labor

market condition. The �rst variable we consider is the after-tax corporate pro�t (prf t ),

motivated by the so-called trickle-down e�ect that often appear in pro�t-led growth models.

These models claim that labor market condition would improve when businesses prosper

because the strong demand for labor generates more jobs and higher wages.

In response to the 1% corporate pro�t shock, private wages respond signi�cantly pos-

itively for about a year. See Figure 5. However, its responses are quantitatively weak and

short-lived, which implies a very limited support for the trickle-down e�ect in the U.S.9

It should be noted, however, that the corporate pro�t (prf t ) rises signi�cantly in the

long-run in response to a 1% private wage shock, although it initially decreases re
ecting

higher manufacturing costs. One explanation may be found from statistically signi�cant

positive responses of the productivity (prdt ) to a private wage shock. See Figure 6. That

is, higher wages in the private sector may improve working environment, thus increase labor

8Monetary policy tends to strengthen labor market conditions in both sectors. Expansionary monetary
policy stimulates private spending that creates the stronger labor demand in the private sector. As the
economy grows, the demand for public services also grows, then labor market conditions in the public sector
improve endogenously.

9This might happen if corporate pro�ts are likely to be distributed to share holders as dividends or to be
kept as retained earnings.
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(a) Wage E�ect

(b) Employment E�ect

Figure 4. Fiscal Policy E�ects on Labor Market Conditions
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Figure 5. Corporate Pro�ts and Wages

productivity, then contributes to higher corporate pro�ts in the long-run. Note that these

responses are consistent with the e�ciency wage hypothesis.10

Private wages respond signi�cantly positively for less than 2 years when the produc-

tivity shock occurs, implying that workers garner a limited amount of bene�ts of higher

productivity.

2.3.3 Robustness Check

This sub-section reports an array of robustness check analysis. We �rst investigate the

stability of our key VAR �ndings over time. Among others, we are particularly interested in

�scal policy e�ects on labor market variables in Figure 4.

For this, I employ a 30-year rolling window scheme to repeatedly estimate the impulse-

response functions over di�erent sample periods. I start with estimations of the impulse-

response functions using the �rst 30-year long data. Then, I moved the sample period

forward by adding one new observation but dropping one oldest observation, which is used

to obtain the second set of the impulse-response functions. I repeat until I estimate the

response functions using the last 30-year long data.

10They are also consistent with the so-called wage-led economic growth model.

64



Figure 6. Productivity and Real Wages

Graphs in Figure 7 show fairly consistent sets of the impulse-response function estimates.

In response to the �scal spending shock, private jobs (pj t ) decrease then recover in two or

more years. Total employment (tj t ) exhibits similar responses, meaning that increases in

government jobs (gj t ) are dominated by decreases in private jobs. Private wages (pwt ) rise

a little, whereas government wages (gwt ) rise more substantially.

Next, we implement the forecast error variance decomposition (FEVDEC) analysis for

private sector wages and jobs. The purpose of this exercise is to measure the further in-sample

evidence of the trickle-down e�ect. When the business condition improves and corporate

pro�ts rise, workers may be able to share the gains eventually. In panel (a) of Figure 8, I

report the share of corporate pro�t shock in explaining the total variation of private wages

or jobs in up to 5 years. In addition to the corporate pro�t shock, I also added the real GDP

shock as another explanatory variable, and the remaining explanatory power is assumed to

be due to the private wage shock as residuals.

Surprisingly, corporate pro�ts have virtually no explanatory power for future private

wages in all forecast horizons we consider. On the other hand, the share of the real GDP
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(a) Government Spending Shock E�ects on Jobs

(b) Government Spending Shock E�ects on Wages

Figure 7. 30-Year Fixed Rolling Window Analysis
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continuously rise up to almost 50% in 5 years. Similarly, corporate pro�ts have negligible

explanatory power for private jobs in all forecast horizons.

In panel (b), we implement a similar FEVDEC analysis to measure the role of pro-

ductivity in explaining private labor market conditions. It turns out that productivity has

virtually no explanatory power for future private wages in all forecast horizons. However, it

has some (15 to 20%) explanatory power for private jobs.

These �ndings again imply very limited evidence of the trickle-down e�ect. Private

wages fail to bene�t from increases in corporate pro�ts. Higher productivity seems to gen-

erate jobs in the private sector but fails to generate higher wages. In addition to these

in-sample evidence, we further investigate the validity of the trickle-down e�ect employing

the out-of-sample forecasting framework in Section 4.

2.3.4 Simulation Exercises

In this subsection, we report simple simulation exercise results based on my VAR

impulse-response function estimates presented earlier. Figures 9 and 10 show the new equi-

librium path of the labor variables in response to a 1% federal government spending shock.

Light solid lines are the point estimates that are accompanied by 95% con�dence bands

(dashed lines). Dark solid lines are the dynamic path with deterministic time trends with

no structural shocks.

Private jobs fall signi�cantly below the deterministic time trend line when the �scal

spending shock occurs. The job losses reach over 12 millions of jobs in about 3 years in

annual rate as can be seen in Table 1. Government jobs signi�cantly increase above the

trend line only for a short period of time, and eventually are dominated by decreases in

private jobs.

Private wages rise for about 2 and a half year, then declines below the trend. Overall,

the responses of private wages are statistically insigni�cant. On the other hand, government

wages increase highly signi�cantly for over 5 years. Increases in government wages are
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(a) Share of Corporate Pro�ts

(b) Share of Productivity

Figure 8. Forecast Error Variance Decomposition Analysis
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j (year) probt gjobst pwagt gwagt

0.25 1,257 1,013 401 4,020
0.50 -2,371 951 1,987 2,950
0.75 -5,466 959 1,267 3,910
1.00 -7,933 967 1,166 4,600
1.50 -11,064 959 708 5,830
2.00 -12,433 951 253 6,670
3.00 -11,325 853 -554 7,600
4.00 -8,810 699 1,358 7,560
5.00 -7.166 452 -2,110 6,860

Table 1. Simulation Exercise: Wage E�ects

substantial and overall dominate the decreases in private wages in longer term, widening the

wage gap between the two sectors.

2.4 Out-of-Sample Forecast Exercises

This section investigates what variables contain predictive contents for our key labor

market variables under the out-of-sample forecasting framework described earlier in Section

2. For this purpose, we employ the model (2.5) that augments an AR(1) type benchmark

prediction model (2.3) of the labor market variable (labt ) with an extra predictor of interest

(zt ) to see whetherzt provides additional predictive power to the benchmark model.

We consider the following four labor market variables forlabt : private jobs (pj t ), govern-

ment jobs (gj t ), private wages (pwt ), and government wages (gwt ). For the predictor variable

(zt ), we use the government spending (gt ), corporate pro�ts ( prf t ), productivity ( prdt ), and

the private GDP (pyt ). We report the RRMSPE and the DMW statistics for each exercise

in Tables 2 and 3.

As can be seen in Table 2,gt contains strong out-of-sample predictive contents forpj t

in all forecast horizons. RRMSPE statistics are greater than one for all cases, meaning

that the competing model (2.5) outperforms the benchmark model (2.3).DMW statistics
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(a) Private Jobs

(b) Government Jobs

Figure 9. Simulation Exercises: Employment E�ects
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(a) Private Wages

(b) Government Wages

Figure 10. Simulation Exercises: Wage E�ects
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are also consistent with theRRMSPE. It rejects the null of equal predictability for 11 out

of 12 forecast horizons at the 5% signi�cance level, and for 12 out of 12 at the 10% level.

gt also has signi�cant predictive contents forgj t in the short-run for up to 1 year. These

out-of-sample �ndings corroborate our earlier in-sample evidence that �scal policy tends to

strengthen the public job market at the expense of private jobs.

Other variables add a lot weaker performance in our out-of-sample forecast exercises.

prf t and pyt have additional predictive contents only in a few cases. That is, we fail to �nd

out-of-sample evidence in favor of the trickle-down e�ect, which corroborates my previous

in-sample evidence.prdt seems to have stronger performance in the medium-run thanprf t

and pyt for pj t . Interestingly, pyt seems to have substantial predictive contents forgj t , which

implies that the demand for government services increases as the economy 
ourishes.

Gov't Spending Pro�ts Productivity Private GDP
h RRMSPE DMW RRMSPE DMW RRMSPE DMIV RRMSPE DMIV
1 1.021 3.463 1.017 1.358 0.977 -2.435 1.006 0.283
2 1.016 2.235 1.005 0.542 0.978 -2.750 1.000 0.019
3 1.012 1.421 0.996 -0.743 0.982 -2.623 0.997 -0.220
4 1.009 0.998 0.989 -2.505 0.987 -2.421 0.996 -0,404
5 1.006 0.648 0.986 -4.002 0.992 -1.910 0.996 -0.470
6 1.005 0.561 0.983 -3.751 0.997 -0.794 0.997 -0.462
7 1.006 0.694 0.984 -3.193 1.003 1.397 0.998 -0.439
8 1.008 0.932 0.986 -2.335 1.008 4.051 0.999 -0.181
9 1.008 0.896 0.991 -1.290 1.013 5.059 1.001 0.475
10 1.011 1.215 0.999 -0.165 1.018 5.222 1.004 2.261
11 1.017 1.913 1.009 0.930 1.025 4.960 1.010 3.417
12 1.017 1.913 1.009 0.930 1.025 4.960 1.010 3.417

Table 2-(a). Private Jobs: h-Period ahead Out-of-Sample Forecast for Employment

Table 3 reports theRRMSPE and DMW statistics for wage variables,pwt and gwt . gt

and prf t add virtually no additional predictive contents for private wages (pwt ), which again

implies virtually no evidence of the trickle-down e�ect. prdt and pyt have some predictive

contents for it in the long-run and in the short-run, respectively. For government sector
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Gov't Spending Pro�ts Productivity Private GDP
h RRMSPE DMW RRMSPE DMW RRMSPE DMIV RRMSPE DMIV
1 1.014 1.098 0.994 -0.614 0.962 -1.322 1.039 0.708
2 1.022 1.500 0.986 -1.128 0.923 -2.297 1.087 1.283
3 1.021 1.514 0.979 -1.749 0.889 -3.838 1.127 1.580
4 1.009 0.723 0.976 -2.604 0.866 -4.401 1.186 2.633
5 0.991 -0.635 0.974 -3.260 0.864 -4.042 1.230 3.249
6 0.991 -0.635 0.974 -3.260 0.864 -4.042 1.230 3.249
7 0.931 -3.481 0.968 -3.609 0.892 -3.431 1.368 6.859
8 0.931 -3.481 0.968 -3.609 0.892 -3.431 1.368 6.859
9 0.866 -6.929 0.939 -3.805 0.943 -1.742 1.413 9.463
10 0.837 -6.272 0.913 -4.420 0.979 -0.594 1.401 9.875
11 0.816 -8.834 0.890 -5.195 1.008 0.245 1.359 10.008
12 0.799 -7.530 0.864 -6.707 1.027 0.766 1.309 9.637

Table 2-(b). Gov't Jobs: h-Period ahead Out-of-Sample Forecast for Employment

wages (gwt ), we �nd very limited or virtually no predictive contents from all variables we

consider.gt does not have much out-of-sample predictive contents forgwt , although it plays

an important role in explaining gwt in previous in-sample analyses. In a nutshell, these

predictor variables play very weak roles in forecasting wage dynamics in the near future.
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Gov't Spending Pro�ts Productivity Private GDP
h RRMSPE DMW RRMSPE DMW RRMSPE DMIV RRMSPE DMIV
1 0.995 -0.420 1.002 0.313 0.996 -0.888 1.017 0.649
2 0.988 -0.624 0.994 -0.890 0.975 -3.669 1.022 0.802
3 0.981 -0.958 0.986 -1.004 0.963 -4.744 1.018 0.677
4 0.979 -1.052 0.972 -3.627 0.955 -4.208 1.016 0.794
5 0.977 -1.195 0.963 -4.515 0.957 -5.146 1.008 0.330
6 0.974 -1.271 0.958 -6.254 0.963 -3.631 1.001 0.056
7 0.972 -1.693 0.953 -7.000 0.975 -2.054 0.991 -0.514
8 0.973 -1.280 0.953 -6.971 0.983 -1.336 0.999 -0.060
9 0.970 -1.704 0.946 -8.676 0.999 -0.176 0.995 -0.269
10 0.966 -1.914 0.942 -8.250 1.007 1.393 0.998 -0.125
11 0.972 -1.731 0.937 -9.623 1.011 2.256 1.005 0.2847
12 0.978 1.398 0.932 -8.265 1.012 2.324 1.010 0.535

Table 3-(a). Private Wages : h-Period ahead Out-of-Sample Forecast for Wages

Gov't Spending Pro�ts Productivity Private GDP
h RRMSPE DMW RRMSPE DMW RRMSPE DMIV RRMSPE DMIV
1 0.918 -2.740 0.980 -0.511 0.973 0.976 -1.719
2 0.831 -5.697 0.959 -0.917 0.948 -2.539 0.949 -3.323
3 0.784 -6.163 0.940 -1.302 0.922 -2.798 0.927 -3.484
4 0.739 -9.372 0.920 -2.202 0.901 -4.434 0.907 -5.848
5 0.732 -11.041 0.922 -2.238 0.890 -5.094 0.913 -5.237
6 0.713 -11.737 0.915 -2.618 0.878 -5.762 0.929 -4.721
7 0.702 -13.716 0.908 -3.241 0.860 -6.660 0.953 -2.764
8 0.688 -17.030 0.893 -4.417 0.850 -8.659 0.990 -0.633
9 0.679 -17.354 0.889 -5.107 0.843 -8.300 1.048 3.048
10 0.662 -17.919 0.881 -5.456 0.839 -8.998 1.116 6.753
11 0.642 -19.761 0.866 -6.853 0.829 -9.504 1.183 9.348
12 0.620 -21.858 0.854 -7.411 0.829 -10.960 1.267 13.411

Table 3-(b). Government Wages : h-Period ahead Out-of-Sample Forecast for Wages
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2.5 Conclusion

This paper investigates empirical evidence of the �scal policy e�ects on labor market

conditions, employing an array of VAR models for the post-war U.S. macroeconomic data. In

response to the �scal spending shock, government jobs increase signi�cantly at the expense

of private jobs, which implies a possibility of government value-added shocks instead of

government purchase shocks. Government wages rise more persistently and signi�cantly,

whereas increases in private wages die out quickly.

Corporate pro�ts have negligible e�ects on private wages, which provides strong em-

pirical evidence against the trickle-down e�ect. Increases in productivity have signi�cantly

positive e�ect on private wages only in the short-run. On the other hand, positive wage

shocks in the private sector increase corporate pro�ts in the long-run, re
ecting signi�cant

productivity improvement in response to the wage shock. Our robustness check analysis via

the FEVDEC and sub-sample analysis overall con�rms these �ndings. We also implement

simulation exercises to numerically assess how wages and jobs evolve over time in response

to the �scal spending shock in comparison with the dynamic path with no structural shocks.

Results imply that the �scal shock shrinks private sector employment substantially, while

government wages rise signi�cantly and substantially, widening the wage gap between the

two sectors.

In addition to the in-sample analysis, I implement an array of out-of-sample forecasting

exercises that evaluate the importance of predictive contents in key macroeconomic variables

for labor market variables in the future. Government spending contains useful information for

predicting private employment dynamics in all forecast horizons as well as government jobs

in the short-run. Corporate pro�ts have virtually no predictive contents for any labor market

condition variables, con�rming there's no evidence for the trickle-down e�ect. Productivity

and real GDP contain some limited information for predicting wages and jobs.
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Chapter 3

Dissecting the Heterogeneity of China's Regional Housing Markets

with L. Gao, H. Kim, and J. Son

3.1 Introduction

The dynamics of housing prices in China have received considerable academic attention,

re
ecting the sector's pivotal role in driving the country's economic expansion. Over the past

few decades, China's real estate sector has experienced a sustained housing boom, triggering

debates on price misalignments and regional supply-demand imbalances.

Building on earlier research, numerous studies have studied the distinctive features of

China's housing market, particularly regarding its susceptibility to asset bubbles.1 For

instance, Fang, Gu, Xiong, and Zhou (2015) claim that the observed housing price apprecia-

tion is largely supported by robust household income growth, thereby reducing the likelihood

of a �nancial crisis akin to that of the 2008 U.S. subprime mortgage market crisis. In con-

trast, by estimating supply-demand fundamentals, Chivakul, Lam, Liu, Maliszewski, and

Schipke (2015) identify potential mismatches in China's real estate markets. Chen and Wen

(2017) also interpret China's housing boom as a rational bubble that emerged during the

country's economic transition, highlighting a phenomenon where housing prices have grown

substantially faster than disposable income despite high vacancy rates and sustained returns

to capital. According to Jiang, Miao, and Zhang (2022), rapid increases in housing prices

in China may provide short-run bene�ts by stimulating infrastructure investment. How-

ever, Rogo� and Yang (2021) caution that an extended housing boom may expose China to

1See Piazzesi and Schneider (2016) for a survey of the literature on housing markets in macroeconomics.
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macroeconomic vulnerabilities due to persistent supply-demand imbalances. More recently,

Xu, Mi, Li, Li, and Dong (2024) highlight systemic vulnerabilities in the Chinese housing sec-

tor, emphasizing the potential for negative information to propagate across regional housing

networks.

We recognize that understanding the potential mismatch issues highlighted in the ex-

isting literature requires a careful assessment of the fundamental drivers of housing prices

and the extent to which macroeconomic variables|such as income, interest rates, and con-

struction costs|can fully account for regional housing market dynamics. In particular, we

focus on the heterogeneity of housing markets across China's diverse regions. Nationally

aggregated models often obscure substantial regional variation arising from structural, de-

mographic, and institutional di�erences. This concern is particularly relevant in the Chinese

context, where local governments play a critical role in land allocation and the implemen-

tation of housing policies (see, among others, Deng, Gyourko, and Wu (2012)). Moreover,

regional disparities in income levels and credit market conditions further contribute to dif-

ferentiated housing market behaviors that may elude detection in national-level analyses.

Our study seeks to �ll this gap by utilizing a panel of annual data from 1994 to 2021

for 29 Chinese regions to examine the long-run relationship between real housing prices and

key macroeconomic variables, including real GDP per capita (as a proxy for income), real

interest rates, and real construction costs. We apply cointegration test frameworks across

alternative model speci�cations, followed by dynamic ordinary least squares (DOLS) esti-

mation, to assess whether these variables are jointly cointegrated and whether the estimated

coe�cients are consistent with standard economic theory. In particular, we demonstrate

that cointegration tests alone may lead to misleading inferences, underscoring the need for

balanced evaluations that incorporate both statistical evidence and theoretical expectations.

A key contribution of our analysis lies in the identi�cation of statistically and eco-

nomically valid models at the regional level, which uncover substantial heterogeneity across

regions. In contrast to earlier studies that typically impose a common model speci�cation
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across regions, our approach allows for structural variation in the underlying cointegrating

vectors. This enables a more nuanced understanding of regional housing market dynamics

and carries important implications for the design of region-speci�c housing policies. Our

�ndings suggest that while income consistently plays a dominant role in explaining hous-

ing prices, the e�ects of real interest rates and construction costs are generally limited and

display considerable variation across regions.

The remainder of the paper is organized as follows. Section 2 presents the data and

preliminary analysis, followed by the cointegration tests and DOLS estimations for the bench-

mark model. In Section 3, we explore and identify the model speci�cations that best �t each

regional housing market. Section 4 concludes.

3.2 The Empirics

3.2.1 Data Descriptions and Preliminary Analysis

We collected data on housing prices and key macroeconomic variables that are related

to the housing market for China and its 29 provinces. These variables include gross domestic

product (GDP), construction costs of completed buildings, population, the consumer price

index (CPI), and real interest rates. Observations are annual frequency, spanning from 1994

to 2021.2 We obtained the data from the World Bank and National/Provincial Statistical

Yearbooks of China.

Housing prices and construction costs are expressed in Chinese yuan per square meter.

Income variables are also expressed in Chinese yuan. The CPI, originally reported as year-

over-year percent changes, was adjusted to a common base year and converted into an index.

2In addition to GDP, we also collected alternative income measures, including urban disposable income
per capita and rural per capita net income. Our main �ndings are based on real GDP, as the empirical
results are overall similar when using these alternative income variables.
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All nominal variables, including housing prices, GDP, construction/building costs, and lend-

ing interest rates, were transformed into corresponding real variables using the regional CPI.

Real GDP was further adjusted into per capita terms utilizing regional population data.

To analyze regional real housing price (hpi;t ) dynamics, we focus on three key housing

market variables: regional real GDP per capita (ry i;t ) and the real interest rate (rr t ) as

demand shifters, and real building costs (bct ) as a supply shifter. Note that housing prices

(hpi;t ) and real GDP per capita (ry i;t ) are regional variables, whereas the real intere rate

(rr t ) and real building cost (bct ) are national variables. These two national variables were

de
ated using the national CPI to obtain their real values. All quantity variables, housing

prices, real GDP, and real building costs, were log transformed for consistency to capture

percent changes.

Figure 3.1 presents the graphs of housing priceshpi;t and real GDP per capitary i;t for

29 regions, along with their respective national averages,hpt and ry t . Both hpi;t and ry i;t

exhibit upward trends over time, suggesting the presence of stochastic trends. Moreover,

the two variables tend to move together, with temporary short-run deviations, indicating

potential cointegrating relationships.

To statistically test this possibility, we implemented the DF-GLS unit root test proposed

by Elliott, Rothenberg, and Stock (1996) with an intercept, which is asymptotically more

powerful than the conventional augmented Dickey-Fuller test. The results, presented in

Table 3.1, indicate that the null hypothesis of nonstationarity cannot be rejected at the

5% signi�cance level for all 29 regional housing price series and for 27 of the regional real

GDP per capita series. We also �nd strong evidence of nonstationarity in all national-level

variables, including the real interest rate and real building cost. Given this strong evidence

supporting the presence of integratedI (1) processes, we proceed by modeling housing price

dynamics within a cointegration framework.
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Figure 3.1: Regional Housing Prices and Per Capital Real GDP

Note: The solid lines are regional housing priceshpi;t , while the dashed lines are real GDP
per capita ry i;t . The last panel displays the national averages of these variables across 29

regions,hpt and ry t . All data are log transformed.
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Table 3.1: DF-GLS Test Results

hpi;t ry i;t

Region DFGLS p-value DFGLS p-value
Anhui -0.023 0.499 0.003 0.804
Beijing -0.025 0.670 -0.011 0.725
Fujian -0.021 0.545 0.007 0.501
Gansu 0.035 0.639 -0.007 0.630
Guangdong -0.001 0.980 -0.005 0.813
Guangxi 0.002 0.957 -0.013 0.500
Guizhou -0.018 0.693 -0.017 0.240
Hainan -0.026 0.658 -0.012 0.266
Hebei 0.000 0.998 -0.013 0.225
Heilongjiang -0.090 0.592 -0.034 0.195
Henan 0.035 0.259 -0.002 0.865
Hubei -0.017 0.664 0.003 0.800
Hunan -0.011 0.776 -0.006 0.586
Inner Mongolia -0.021 0.519 -0.025 0.085
Jiangsu -0.005 0.887 -0.010 0.106
Jiangxi -0.006 0.883 0.001 0.956
Jilin -0.001 0.988 -0.045y 0.019
Liaoning -0.019 0.566 -0.027 0.335
Ningxia 0.034 0.517 -0.021� 0.091
Qinghai 0.050 0.359 -0.024� 0.073
Shaanxi 0.019 0.725 -0.016 0.181
Shandong -0.006 0.859 -0.021y 0.041
Shanghai 0.022 0.667 0.003 0.932
Shanxi 0.013 0.815 -0.014 0.563
Sichuan -0.015 0.571 -0.005 0.643
Tianjin -0.021 0.639 -0.042� 0.052
Xinjiang -0.001 0.988 -0.013 0.539
Yunnan -0.004 0.957 0.016 0.349
Zhejiang -0.017 0.548 -0.005 0.585

National Variables DFGLS p-value
hpt 0.008 0.839
ry t -0.008 0.314
bct -0.901 0.264
rr t -0.217 0.217

Note: `DFGLS' indicates the DF-GLS statistics proposed by Elliott, Rothenberg, and Stock (1996). `p-value'

denotes the p values of the test with the null hypothesis of nonstationarity. � and y denote a rejection of the

null hypothesis at the 10% and 5% levels, respectively.
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3.2.2 Cointegration Analysis

Let y i;t denote ak� 1 vector of endogenous variables of regioni which obey an integrated

I (1) process. In the presence of a cointegrating relationship among the variables iny i;t , we

may consider the following vector error correction model.

� y i;t = ai + � i � 0y i;t � 1 +
kX

j =1

B j � y i;t � j + u i;t ; (3.1)

where � i is a k � 1 vector of convergence rates,� is a k � 1 cointegrating vector, � 0y t � 1

denotes the error correction term.B j is a k � k coe�cient matrix. a is a k � 1 vector of

constants andu t is a k � 1 vector of error terms.

For our housing market analysis, considery i;t =
h
z0

i;t hpi;t

i 0
, where hpi;t denotes the

log of housing price in regioni at time t, while zi;t is a 3� 1 vector of key macroeconomic

variables. Speci�cally,zi;t includes the log of real per capita income (ry i;t ), the real interest

rate (rr t ), and the log of the real building cost index (bct ), where rr t and bct are common

factors across all regions.

We �rst employ the Johansen cointegration testing procedure, speci�cally the Johansen

maximum eigenvalue test and the trace test. These are data-driven, sequential testing meth-

ods that allow for the possibility of multiple cointegrating relationship, which can make

economic interpretation challenging. In what follows, we address this issue by applying an

economic approach to interpret the estimated cointegrating relationship. We also supple-

ment the testing procedure with the Engle-Granger test, which is based on a single equation

speci�cation for housing price.

Table 3.2 presents the cointegration test results withy i;t = [ ry i;t rr t bct hpi;t ]0. The

maximum eigenvalue test supports at least one cointegrating relationship for 28 out of 29

regions, except Heilongjiang, at the 10% signi�cance level, while the trace test provides

evidence of cointegration for all 29 regions. The Engle-Granger test, on the other hand,

rejects the null of no cointegration for 21 out of 29 regions, possibly due to its weaker power
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relative to the Johansen procedure, which is based on a vector error correction model rather

than a single equation framework. Overall, all tests indicate strong evidence of cointegrating

relationships with the national average series. Taken together, the results provide robust

evidence of a long-run relationship betweenhpi;t and zi;t , its demand and supplier shifter

variables.

In the next section, we critically examine the statistical evidence presented above that

supports the conventional economic model based on demand and supply shifter variables by

directly estimating the cointegration coe�cients, highlighting the heterogeneity across the

29 regional housing markets in China.

3.2.3 Dynamic Ordinary Least Squares Estimation

Given the strong evidence for cointegration, we employ the dynamic ordinary least

squares (DOLS) regression proposed by Stock and Watson (1993) to estimate the cointegra-

tion relationship betweenhpi;t and zi;t . Abstracting from deterministic terms, consider the

following regression equation:

hpi;t = � 0zi;t +
qX

j = � p


 j � zi;t + j + " i;t ; (3.2)

where � denotes the cointegration vector. Note that both past (� p) and future (q) values

of � zi;t appear in this regression equation to ensure the strict exogeneity ofzt , as shown by

Stock and Watson (1993).3

Table 3.3 presents the DOLS estimation results withy i;t = [ ry i;t rr t bct hpi;t ]0. Despite

the strong statistical evidence of cointegration shown in the previous section, a surprising

number of DOLS estimates, particularly those forrr t and bct , are inconsistent with the

prediction of the conventional economic model.

3The Bartlett kernel was used to estimate the long-run variance, with automatic bandwidth selection
following Andrews (1991). The number of leads (q) and lags (p) was selected via the Akaike Information
Criteria.
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Table 3.2: Cointegration Test Results
y i;t = [ ry i;t rr t bct hpi;t ]0

Region JMaxEig HA JT race HA EG
Anhui 14.38� r > 2 18.23� r > 2 -2.572y

Beijing 8.89� r > 3 8.89� r > 3 -1.924�

Fujian 31.2y r > 0 33.73� r > 1 -1.739�

Gansu 8.93� r > 3 8.93� r > 3 -1.835�

Guangdong 8.46� r > 3 8.46� r > 3 -1.738�

Guangxi 37.37z r > 0 68.07z r > 0 -2.240y

Guizhou 26.28y r > 1 39.48y r > 1 -2.884z

Hainan 30.94y r > 0 62.90z r > 0 -2.622y

Hebei 14.97� r > 2 21.54y r > 2 -1.549
Heilongjiang 23.06 r > 0 52.75� r > 0 -2.372y

Henan 36.23z r > 0 63.61z r > 0 -3.287z

Hubei 23.81y r > 1 40.80y r > 1 -2.509y

Hunan 23.33y r > 1 40.12y r > 1 -2.720y

Inner Mongolia 7.92� r > 3 7.92� r > 3 -0.259
Jiangsu 25.28y r > 1 19.10� r > 2 -3.071z

Jiangxi 20.38� r > 1 35.05y r > 1 -3.524z

Jilin 8.53� r > 3 8.53� r > 3 -0.378
Liaoning 29.97z r > 1 42.43z r > 1 -0.267
Ningxia 29.48y r > 0 56.97y r > 0 -1.752�

Qinghai 14.12� r > 2 18.81� r > 2 -1.053
Shaanxi 26.79� r > 0 52.34� r > 0 -2.632y

Shandong 17.30y r > 2 22.31y r > 2 -0.466
Shanghai 13.78� r > 2 19.33� r > 2 -2.833z

Shanxi 26.18� r > 0 32.21� r > 1 -1.294
Sichuan 7.74� r > 3 7.74� r > 3 -2.579y

Tianjin 35.94z r > 0 18.45� r > 2 -0.923
Xinjiang 14.25� r > 2 19.97y r > 2 -2.162y

Yunnan 46.66z r > 0 32.84� r > 1 -2.213y

Zhejiang 28.14z r > 1 43.52z r > 1 -1.995�

National 22.15y r > 1 39.72y r > 1 -2.245y

Note: JMaxEig and JT race denote the Johansen maximum eigenvalue statistics and the Johansen trace

statistics, respectively. HA denotes the last alternative hypothesis considered when its associated null

hypothesis is rejected in the sequential testing procedure. For example, statistically signi�cant test results

with HA : r > 0 indicate the presence of one cointegrating relationship, whereas statistically insigni�cant

results with HA : r > 0 suggest no cointegrating relationship. EG denotes the Engle-Granger Test statistics,

which tests the null of no cointegration against the alternative hypothesis of a single cointegration vector.

� ; y; and z indicates a rejection of the null hypothesis at the 10%, 5%, and 1% signi�cance level, respectively.
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According to standard theory, stronger demand driven by higher real income should

raise housing prices, while an increase in the real interest rate should shift the demand curve

leftward, leading to lower housing prices. Similarly, higher building costs should shift the

supply curve leftward, pushing the equilibrium price upward. Thus, the expected signs of

the coe�cients are positive for ry i;t and bct , and negative forrr t .

Notably, the coe�cient of ry i;t is statistically signi�cantly positive at the 1% level for

28 out of 29 regions. The exception is Heilongjiang, where the coe�cient is signi�cant at the

5% level but has the wrong sign. Recall that Heilongjiang was the only case in which the

Johansen maximum eigenvalue test failed to con�rm cointegration. These �ndings, therefore,

provide solid evidence of an income e�ect, supporting the existence of a long-run relationship

betweenhpi;t and ry i;t in most regional housing markets.

Regarding the housing market e�ect of the real interest rate, the other demand shifter, its

coe�cient estimates are signi�cantly negative at the 5% level for 16 out of 29. In contrast, 10

regions show coe�cients with the wrong (positive) sign, while 3 regions have correctly signed

but statistically insigni�cant estimates. Thus, we �nd only limited evidence supporting the

e�ect of rr t .

As for the real building costbct , its coe�cient estimates are largely inconsistent with

standard theory across many regions as well as at the national level. It is signi�cantly positive

at the 10% level in only 13 out of 29 regions, with 2 additional regions showing the correct

sign but statistically insigni�cant estimates. The remaining 14 regions and the national level

data show signi�cantly negative coe�cients, with 11 of them including the national estimate

being signi�cant at the 1% level.

Taken all together, the DOLS estimation results provide solid evidence of an income

e�ect but suggest a much weaker and inconsistent relationship betweenhpi;t and the other

two variables, rr i;t and bct . In the next section, we examine a range of alternative models

to identify the reasonable ones for each region, guided by both statistical and economic

inferences.
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