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Abstract

This paper examines the vulnerability of commercial banks in China to the changes in macroeconomic conditions by employing a macroeconomic stress test. We particularly focus on how the changes in housing market related variables and the scale of shadow banking influence the credit risks of China’s entire banking system. Based on the result of a Vector Autoregression (VAR) model, we proceed with a five-scenario analysis. Our main finding is the ability of shadow banking to absorb the credit risks of commercial banks rather than there being a spill over effect, according to the data from Q1 2005 to Q2 2016.
 Moreover, the mortgage loan is risky to commercial banks during this period. In addition, our scenario analysis suggests that China’s banking system is relatively stable and that the Central Bank of China is capable of monitoring the credit risks of commercial banks using appropriate credit policies.
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Introduction

In recent years, both opportunities and challenges for the banking industry have arisen due to changes in financial theory and practice, which also resulted in the rise of severe credit risks. Commercial banks are an important component of the financial market, which encounters various risks in economic development, including credit risk as a vital risk [1]. Basel II refers to the new international framework for banks’ capital regulation. One of the important techniques demanded by the Basel II capital is macro stress test of bank credit risk, which is in terms of the process of evaluating the vulnerability of financial institutions to extreme but plausible market scenario. Basel II was officially introduced in China in 2010. Ever since, the macro-stress test exercises of credit risks are increasingly important in China [2]. 

Given that the top Chinese banks have been increasing the amount of lending to homebuyers and developers ever since the Global Financial Crisis (GFS), the commercial banks are vulnerable to the downturn of the property market. According to Reuters analysis, at the end of 2015, the largest top five state-owned commercial banks allocated mortgages and real estate development loans to the property sector of 12.4 trillion RMB ($1.9 trillion), which was up 11 percent over the year and occupied 28 percent of total loans.
 The loans to property sector is the largest component of total loans. Therefore, the loans exposure to mortgages and real estate development may also affect commercial banks’ performance. Moreover, the fluctuation of house prices poses a risk to the banks’ stability. In addition, the rapid growth of the Chinese shadow banking, especially since the GFS, is argued to be yet a further risk to financial stability. Moreover, its close interlink with the regular banks and the possible spill-over effect on the whole financial system [3] are further risks to the regular banks. 

Currently, there are studies about shadow banking’s operational mechanism and risk transmission models with the analysis related to the impact of the business scale of shadow banking on the credit risk of commercial banks from the micro perspective [4]. However, the systematic concerns of shadow banking and housing market in China’s macro- based stress test model of bank credit risk are very rare. Therefore, this paper intends to fill this gap.

This paper proceeds as follow. In section 2, we summarise the relevant literature review and illustrate the main contribution of this paper. In section 3, we introduce the macroeconomic credit model and put forward the theoretical framework. In section 4, we discuss our empirical results and main findings. In section 5, we summarise and conclude.

Literature review 

Stress tests are widely employed as a result of the widespread implementation of the Financial Sector Assessment Program (FSAP). Borio et al. [5] suggest four elements involved in the micro and macro stress tests, which are the risk exposures subject to stress, the scenario defining the shocks, the model mapping the shocks onto an outcome and the measure of outcome. Since the purpose of stress tests is to measure the effect of severe shocks that have the potential to destabilise the financial system, there are three purposes of stress tests as suggested by Marcelo et al. [6]: to add value to the internal control implemented by banks in relation to risk management; to serve as a foundation to foster prudential techniques of protection against opposite situations; and to facilitate prevention, provide early warning and response tasks to tackle these adverse situations.

As Drehmann [7] suggests, stress-test models are different regarding the involvement of complexity and risks. Although there are some contributions to stress testing, there is not a consensus of unified tolls or approaches. The various approaches include Wilson [8] [9], Virolainen [10], Sorge and Virolainen [11], Misina et al. [12] and Jimenez and Mencia [13] which all assume a linear relationship between the macroeconomic variables and default probability on the banks’ loan portfolio.

The specific studies on the credit risk and macroeconomic stress test scenarios in China are very limited. Studies, which focus on the real estate sector and related literature, are even less. Bank stress test was introduced to China in 2003 under the guidance of China Banking Regulatory Commission (CBRC), hence the relevant theory and model are still under-developed, since it was relatively recent. A standardised system to implement bank stress test is currently absent in China. 

Xu and Liu [14] compare the popular macro stress test approaches and estimate the stability of the financial system. Ren and Sun [15] utilise the logit model to estimate the credit risk in the banking industry. Li et al. [2] compare two approaches of stress tests models through a credit risk test for the Chinese banking sector. In addition, Yuan [16] implements the credit risk macro stress testing of the Chinese banking system and suggests the necessity to prevent the credit risk of real estate loans and government debt. Li and Liu [17] use a bank stress test to evaluate the credit risks on the changes in the macro economy in China. They find that the serious decline in nominal GDP and sharp rise in the level of CPI drive up the default rate on loans to a significant degree. Tang and Fang [18] analyse the impact of the fluctuations of the macro economy to the credit risks of commercial banks by employing the bank stress test. In their research, they use the loss loan rate as the measure of credit risk and also the growth rate of GDP, the growth rate of M2, the CPI and house prices as the variables of the macroeconomy to access the bank stress test. Under the scenario of a slowdown in both GDP and M2, coupled with a rise in CPI, the loss- loan rate significantly increased. Feng and Zhu [19] analyse the results of the stress test of the commercial banks on mortgage loans, which is based on the specific circumstances of the 14 banks listed in China's A-share market at the individual level. The results show that the decline in the house prices impact the net income of the banking sector negatively. However, they only examine the relationship between house prices and the net income of banks without considering the loan to mortgages and loan to real estate development and other important macroeconomic indicators. In addition, by performing stress testing, Wang and Wang [20] find that the fall in house prices seriously impact the commercial banks in China. This can even affect the healthy development of the national economy. They also suggest that the commercial banks should actively support the housing development, strengthen the evaluation of the loan project, monitor the real estate market and also establish a perfect loan risk reserve system. However, they do not incorporate the changes in the macro economy.
A stress test suggests how vulnerable financial institutions may be to changes in economic circumstances. We thereby analyse the impact of changes in the vulnerability of the whole financial sector rather than of individual financial institutions. Most stress tests focus on a bank or a few financial institutions (such as in the study by Feng and Zhu [19]). By contrast, our approach utilises a stress test at the macroeconomic level, which examines the banking sector as a whole across China. By examining the banking sector or credit market as a whole, it is less likely to underestimate cyclical effects. In addition, variables at the national level can analyse the financial stability of the entire system, which would not be possible if the stress test is only focused on a particular bank. 
This contribution intends to fill in the research gaps from two aspects. First, since there is a lack of a systematic analysis on the effect of changes in the macroeconomy and housing market on the credit risk of commercial banks in China, we use bank stress tests to analyse the credit risk in terms of the non-performing loan ratio of commercial banks in China in response to changes in the macroeconomic factors and housing market. Second, we consider the role of the variation of the scale of shadow banking in China to the credit risk because of its uncertainty and close interconnection with the commercial banks. Thereafter we point out the main factors that affect the credit risks of commercial banks in China. We proceed to account for these extra factors in what follows, beginning with our theoretical framework.
Macroeconomic credit risk model
In this section, we briefly introduce the conventional method of credit risk macro stress tests and the new macroeconomic credit risk model. Thereafter, we illustrate how we combine this method and our main variables in this study.
The Conventional Method of Credit Risk Macro Stress Testing
The traditional approach of credit risk macro stress tests is to build up scenarios that imitate historical tail events or to generate scenarios by adopting the macro-economic model, which are employed by Froyland and Larsen [21], Hoggarth and Whitley [22], Mawdsley et al. [23] and Bunn et al. [24].
We take Froyland and Larsen [21] study as an example below. They illustrate that there is a relationship between substantial fluctuations in the real economy and financial institutions’ losses on loans to households and enterprises. This is demonstrated by a simple theoretical model. The expected loss loan (TAP) is a function of the probability of default or bankruptcy.

This can be expressed as below:
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where pit stands for the probability of borrower i’s default or bankrupt, Git is borrower i’s debt and TGit is the level of loss given default or bankruptcy at a point in time. Therefore, an expression emerges of the overall expected loan loss in the economy by aggregating the figures for all borrowers. The probability of bankruptcy, debt and the level of loss in the event of bankruptcy is a function of both macroeconomic changes and microeconomic conditions associated with the individual borrowers. In order to analyse loss loan, these factors should be considered. 

Thereafter, Froyland and Larsen [21] analyse the risk of losses on loans to enterprises, which is based on an individual-specific bankruptcy prediction model and combined with the macroeconomic model. They also analyse the risk of losses on loans to households by using national aggregate data.

After building up the scenarios, the impact of macroeconomic related variables on the robustness of banks should be evaluated; this generally requires the estimation of an empirical model, which relates the financial soundness indicator y to various macroeconomic variables x1, x2,…,xn.

However, there are two disadvantages of this approach as discussed by Yuan [16]. First, as long as the scenario is selected, the probability of the scenario occurring is not a concern in the stress test. Second, although the predicted value of the soundness indicator is insignificantly related to the adverse scenario, it is unlikely to conclude that the adverse scenario is low risk since a large deviation from the average may happen with a tangible probability [16].
In order to consider the possibility that the financial soundness indicator y is non-zero and that there is random behaviour of the relevant macroeconomic variables which are correlated with the various stochastic components Yuan [16], Wilson [8] [9] and Boss [25] constructed a new stress test framework to examine default risk and the macroeconomic conditions, which also addressed the probabilistic elements.

The New Macroeconomic Credit Risk Model

We first briefly overview the general approach of stress test that is utilised by central banks and financial institutions. In order to test the credit risk in China’s banking system, we adopt the framework proposed by Wilson [8] [9] Boss [25] and Virolanien [10]. We then estimate the relationship between credit risks and macroeconomic changes. Thereafter, we proceed with a scenario analysis to demonstrate the default rate under the baseline scenario, tightening credit scenarios and expansionary scenarios. The model is also employed by Li et al. [2] and Yuan’s [16] specific studies of China. The details of the model are illustrated below.
The advantage of this model is that it establishes a direct connection between the default rate and other macroeconomic variables. The first part of this study is an empirical model with a system of equations on credit risks and macroeconomic dynamics. The second part is a scenario analysis to illustrate the banks’ default rate under three different scenarios [16].

We assume there are J economic sectors in the lending of banking system and let pj,t to represent the average default rate in sector j in period t (j=1,…,J). The range of pj,t is between zero and one. We take the logit transformation of pj,t , yj,t, as the dependent variable [16].
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Therefore, yi,t is negatively related to pj,t,. Since we introduce the non-performing loan ratio of Chinese banks as the average default rate pi,t , which shows a higher yi,t , it  indicates a lower non-performing loan ratio and better credit-risk status and vice versa [16].

yj,t =(y1,t,…,yj,t)’ depends on its own lags, current and lagged form of credit risk and macroeconomic related variables.
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 is an s*1 vector of credit risk and macroeconomic related variables; m is a J*1 vector of intercepts; [image: image13.png]A1 ey Aigg
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 are coefficient matrices of J*s and J*J respectively; and [image: image17.png]


  is a J*1 vector of disturbances [16]. 

If we allow each of credit risk and macroeconomic related variables to follow an autoregressive (AR) process, then each variable can be described as below:
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 is an s*1 vector of disturbances [16].

The Combination of Conventional and New Macroeconomic Credit Risk Model

In this contribution, we attempt to combine the conventional and new macroeconomic credit risk model and apply it to China’s specific situation. We first adopt Froyland and Larsen’s [21] study and illustrate a relationship between substantial fluctuations in the real economy and financial institutions’ losses on loans to households and enterprises. We then utilise the framework proposed by Wilson [8] [9] Boss [25] and Virolanien [10].
The contribution of this paper is threefold. Firstly, we account for the shadow banking in our theoretical framework. To the best of our knowledge no studies have investigated directly the financial vulnerability in China due to informal finance at the macro level. Secondly, the macroeconomic stress test employed here has a focus on housing related variables. We include mortgage loans and real estate development loans as independent variables. Thirdly, we combine the new and old method for stress test. The traditional method developed by Froyland and Larsen [21] assumes that there is a relationship between substantial fluctuations in the real economy and financial institutions’ losses on loans to households and enterprises. The new approach developed by Wilson [8] [9] and Boss [25] utilises a log transformation of the non-performing loan ratio instead of total expected loss loan as the dependent variable. Our study combines the two approaches in that we include household and enterprise variables (mortgage and real estate loans, respectively), but the dependent variable we apply is a log transformation. 

In our study, we use a macroeconomic stress test to analyse the impact of changes in the macro economy, including the housing market, on the vulnerability in the whole financial sector rather than in individual financial institutions. Specifically, our study narrows down to examine the risk of losses on loans to home buyers through mortgage loans and to real estate developers through bank loans to real estate development. In addition, we also check whether the bank’s credit risk arises along with the changes in the scale of shadow banking in China. Moreover, we also address the impact of house prices change, the unemployment rate and disposable income per capita on the bank’s credit risks.

In China, the commercial banks’ main component of loans is to enterprise and household sectors. The primary loans to households are mortgage loans, and the main component of loans to enterprises are bank loans to real estate developers.  Therefore, we assume mortgage loans and bank loans to real estate development are both risky and positive in relation to the non-performing loan ratio,
 and particularly when the housing market is in danger of collapsing. We also assume that variation of house prices affects the risk of bank credit negatively. House prices are one of the important indicators of the economy. In China, changes in the national house prices are regarded as the reflection of macroeconomic circumstances; this is seen as the ‘barometer’ of China’s economy [26]. Therefore, since the rising of house prices indicates healthy economic growth, which should decrease the default risks of borrowers, the change in house prices may be a factor that affects the non-performing loan ratio negatively.

We also try to examine whether the scale of shadow banking raises the risk of default and pushes up the non-performing loan ratio. The rapid development of the Chinese shadow banking can be attributed to the help from the traditional banking system [27]. Moreover, shadow banking in China is interconnected with commercial banks in multiple ways [28]. Since trusts are a component of shadow banking in China [29], the tight connections between trusts and banks could easily push banks into a vulnerable situation. For example, banks issue Wealth Management Products (WMPs) and invest a large share in the trust-based projects. Banks also provide a bridge between funds and trust through entrusted loans and trusts in turn lend the funds to risky sectors or Small to Medium Enterprises (SMEs), which normally are unable to obtain credit from the traditional banks. Hence, the relationship between regular banks and commercial banks is competitive. In addition, trusts also issue WMPs and distribute these products through banks. Therefore, any default in trust investments results in a negative spill-over effect on banks [30]. Since shadow banking lacks sufficient regulation, its uncertainty and close link to commercial banks may result in higher level of risks and the possibility of default. Thus, from this point of view, we assume that the scale of shadow banking is positively related to the non-performing loan ratio in China. On the other hand, though, Luo [31] finds that the development of shadow banking business increases the loan supply, enriches the banks’ business structure, improves the banks’ profitability and lowers the level of banks’ risks. Thereby, the development of shadow banking business helps to alleviate the risk-taking level of banks. In other words, the larger the size of the shadow banking business, the more capable it is to reduce the risk-taking level of banks. Therefore, from this angle, the scale of shadow banking is negatively related to the non-performing loan ratio. The relationship between shadow banking and commercial banks can be subsidiary or complementary. If the former relationship is stronger, then the negative spill-over effect from shadow banking to commercial banks could be more obvious. However, if the latter relationship is stronger, then shadow banking is able to alleviate commercial banks’ risks. Thus, in theory, the relationship between the scale of shadow banking and the credit risks of commercial banks could be either positive or negative. In addition, the unemployment rate is an important macroeconomic indicator, which may also affect the non-performing loan ratio positively; this is so since the rise of unemployment may increase the default risk of the borrowers, especially for loans to households. Therefore, the rise in the unemployment rate generates the higher non-performing loan ratio. However, the disposable income per capita may impact the non-performing loan ratio negatively. The higher the per capita disposable income is the lower the default risk from borrowers, and particularly the loans to households. 

Thus, the non-performing loan ratio (NPLR) is affected by the following variables:  the level of Disposable Income Per Capita (YD); the House Price (PH); the Scale of Shadow Banking (SHB); the Unemployment Rate (UR); the Mortgage Loan (ML); and the Real Estate Development Loan (REDL).

Therefore, based on the above analysis, we may illustrate the relationship of non-performing loan ratio and credit risk and macroeconomic related variables as below.

NPLR= NPLR (YD, PH, SHB, UR, ML, REDL)                                                                   (5)

                            -        -      ?      +     +        +

The signs below the variables represent the partial derivatives of NPLR with respect to the relevant variable. Since the scale of shadow banking could have either a positive or negative effect on the NPLR, its impact on NPLR is uncertain according to our theory. Therefore, we further explore the latter in our empirical investigation. After selecting and constructing the relevant variables, we utilise the framework proposed by Wilson [8] [9] Boss [25] and Virolanien [10]. The data series of the non-performing loan ratio is transformed by the logit formula to produce the[image: image33.png]
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 is negatively related to NPLR, the relationship illustrated in equation (5) should be the opposite to [image: image37.png]
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Our main contribution of this paper includes three main aspects. First, we systematically analyse the impact of housing market, shadow banking and changes in the macroeconomy on the credit risk of commercial banks in China. Specifically, our study narrows down to examine the credit risks of commercial banks from home buyers through mortgages and real estate developers through bank loans to them. In addition, we also check whether the non-performing loan ratio arises along with the changes in the scale of shadow banking in China. Second, we employ the stress test to examine the entire commercial banking system rather than on any individual bank. By examining the banking sector or credit market as a whole, it is less likely to underestimate cyclical effects. In addition, variables at the national level can be used to analyse the financial stability of the entire system, which would not be possible if the stress test is only focused on a particular bank. Third, we proceed with the macroeconomic stress test via the combination of the conventional and new macroeconomic credit model. This is performed by applying the Wilson [8] [9] model whereby the dependent variable is transformed logistically. To the best of our knowledge, the above three aspects have not been addressed simultaneously in any existing study and herein lies our contribution. 

Empirical results and discussion

Data description and measurement

In our empirical analysis, all nominal variables are converted into real values by using the Consumer Price Index using the first quarter of 2005 as the base value. We use the quarterly data spans from 2005(Q1) to 2016(Q2)
 as our period of study and empirical investigation. The detailed explanation of the variable and their sources are illustrated in Appendix A.

Econometric methodology

We utilize the time series methodology, in order to avoid the estimated parameters being biased, the time series are required to be in a stationary sequence [32]. According to Xu and Moon [33] the first-order differencing is the general method for changing non-stationary time series into stationary series. Therefore, we need to first check for the stationarity of the data. We apply the Augmented Dickey-Fuller unit root test [34] [35] to check the order of integration of the time series. We also apply the Phillips-Perron test [36] and the GLS-based Dickey-Fuller test [37]. The null hypothesis of these tests is the existence of unit root. In addition, we also proceed with the Kwiatkowski-Phillips-Schmidt-Shin test [38]. The null hypothesis of this test is the absence of unit root, which suggests the stationarity of the time series.

All these tests are shown in Table 1 and Appendix B. These results suggest that in our case the variables may include non-stationary time-series, I(1). Therefore, we conclude that all of these variables are first-order difference stationary and can move forward to a cointegration test. A co-integration test whether revealed to be positive or negative should not affect the model choice, since even if co-integration exists we are not interested in the long-run effects but only the short-run dynamic reflecting the shock element of adverse economic circumstances which in most cases should not be persistent, unless there is a severe economic depression. Nonetheless in stress test it is often customary to first perform a co-integration to reveal the long-run relationship, hence it is included here. 

Table 1 ADF Unit Root Tests

	Variable
	Level
	1st Difference
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	-2.539740
	-5.593083***

	YD

	0.979382
	-5.713705***

	PH
	-0.804777
	-4.660256***

	UR
	-2.030338
	-5.602047***

	ML
	-1.439205
	-3.558290**

	REDL
	-0.967552
	-8.894645***

	SHB
	-1.609312
	-3.383938**


***, **, and * denote significance at the 1, 5, and 10% level, respectively. 
We then employ a Vector autoregression (VAR) framework, which connects the credit risk measurement of the banking system to the macroeconomic variables. A Vector Autoregressive (VAR) model can be used to capture the evolution and linear dependence of multiple time series. Although the Johansen co-integration test suggests that there are at least two co-integrating relationships, for the purpose of this study we are not interested in the long-run dynamics of the variables hence VAR is used rather than Vector Error Correction Model (VECM).  All studies on stress test (eg. Li et al. [2]; Yuan [16]) use VAR because it is the short-run shock effect, which is being investigated and not the adjustment process, hence VECM would not be appropriate in this context. The vector approach endogenizes all variables specifying them as an inter-connected system which is appropriate for our task. 
We briefly explain the VAR model as Stock and Watson [39] below. A VAR model contains a set of k time series regression, which the regressors are over the same sample period (t=1,…,T) as a linear function of the previous evolution. The variables are collected in a k * 1 vector of yt, which includes the ith element yi,t (the observation of yi at the time t). 
A reduced p-th order of VAR, which denoted as VAR(P), is
 yt=c+ Φ1y t−1 +⋯+Φp yt-p + εt                                                                                                                                    
    (6)

where c is a k x 1 vector of constants (intercepts), Φi is a k × k matrix (for every i = 1, ..., p) and εt is a k × 1 vector of error terms.  As the yt-i represents the i-th lag of y, a pth-order VAR is also called a VAR with p lags.
VAR models can be better used to investigate how an exogenous shock to any variable will unravel the system as a whole because all of the variables are assumed and treated as endogenous. This makes VAR models particularly suitable for studying the effect of macro-economic and financial shocks to bank performance, which is an essential component of macroeconomic stress test (see study of Yuan [16]). 
Following Lutkepohl [40], we take the Akaike Information Criterion (AIC), Schwarz Information Criterion (SC), Hanna-Quinn Information Criterion (HQ) as the selection of lag length in our VAR model. The results of this information criteria are shown in table 2 below, which mostly suggests a lag length of four periods in the VAR model.

Table 2 Criterion of lag length selection

	
	
	
	
	
	
	

	
	
	
	
	
	
	

	Lag
	LogL
	LR
	FPE
	AIC
	SC
	HQ

	
	
	
	
	
	
	

	
	
	
	
	
	
	

	0
	-1465.942
	NA
	3.78e+22
	71.85084
	72.14340*
	71.95737

	1
	-1405.189
	97.79821
	2.21e+22
	71.27750
	73.61799
	72.12978

	2
	-1337.675
	85.62771
	1.11e+22
	70.37437
	74.76279
	71.97239

	3
	-1241.652
	88.99667
	2.10e+21
	68.08058
	74.51692
	70.42434

	4
	-1120.736
	70.78005*
	3.00e+20*
	64.57249*
	73.05676
	67.66199*

	
	
	
	
	
	
	

	
	
	
	
	
	
	

	* indicates lag order selected by the criterion

	LR: sequential modified LR test statistic (each test at 5% level)

	FPE: Final prediction error
	
	

	AIC: Akaike information criterion
	

	SC: Schwarz information criterion
	

	HQ: Hannan-Quinn information criterion
	



We assume that the vulnerability in the banking sector can be affected by both the credit risk and macroeconomic related variables. Moreover, there exists a potential response effect that produces stress in the banking system affecting the macroeconomy.

As the requirement of VAR model is that the time series should be stationary and all of our variables are I(1), we use the first difference of the variables.

Table 3 Empirical results of Vector Autoregression
	
	D(yt)
	D(PH)
	D(SHB)
	D(ML)
	D(REDL)
	D(YD)
	D(UR)

	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	

	D(yt(-1))
	-0.298353
	152.7930
	-169.0324
	-376.5367
	-1127.847
	22.38171
	-0.093138

	
	(0.37612)
	(369.527)
	(412.714)
	(251.014)
	(1052.18)
	(2624.71)
	(0.10379)

	
	[-0.79324]
	[ 0.41348]
	[-0.40956]
	[-1.50006]
	[-1.07191]
	[ 0.00853]
	[-0.89736]

	
	
	
	
	
	
	
	

	D(yt(-2))
	-0.168369
	517.0984
	152.7049
	-29.78600
	5.896688
	-358.2591
	-0.172367

	
	(0.38598)
	(379.213)
	(423.532)
	(257.593)
	(1079.76)
	(2693.50)
	(0.10651)

	
	[-0.43621]
	[ 1.36361]
	[ 0.36055]
	[-0.11563]
	[ 0.00546]
	[-0.13301]
	[-1.61830]

	
	
	
	
	
	
	
	

	D(yt(-3))
	0.515075
	22.60181
	300.1959
	31.29255
	238.7206
	-2920.982
	0.118258

	
	(0.38113)
	(374.449)
	(418.212)
	(254.358)
	(1066.20)
	(2659.67)
	(0.10517)

	
	[ 1.35144]
	[ 0.06036]
	[ 0.71781]
	[ 0.12303]
	[ 0.22390]
	[-1.09825]
	[ 1.12441]

	
	
	
	
	
	
	
	

	D(yt(-4))
	-0.045631
	-371.7539
	-42.16893
	207.0589
	931.1745
	-4270.985*
	0.033149

	
	(0.33083)
	(325.035)
	(363.022)
	(220.791)
	(925.497)
	(2308.69)
	(0.09129)

	
	[-0.13793]
	[-1.14374]
	[-0.11616]
	[ 0.93780]
	[ 1.00613]
	[-1.84996]
	[ 0.36310]

	
	
	
	
	
	
	
	

	D(PH(-1))
	0.000165
	-0.789353
	0.090008
	0.161775
	-0.213332
	-1.104506*
	0.000132*

	
	(0.00029)
	(0.28030)
	(0.31306)
	(0.19040)
	(0.79812)
	(1.99093)
	(7.9E-05)

	
	[ 0.57732]
	[-2.81612]
	[ 0.28751]
	[ 0.84965]
	[-0.26729]
	[-0.55477]
	[ 1.68055]

	
	
	
	
	
	
	
	

	D(PH(-2))
	0.000261
	-0.319920
	0.167467
	0.018679
	0.065113
	0.247944
	5.47E-05

	
	(0.00030)
	(0.29334)
	(0.32763)
	(0.19926)
	(0.83526)
	(2.08359)
	(8.2E-05)

	
	[ 0.87356]
	[-1.09060]
	[ 0.51115]
	[ 0.09374]
	[ 0.07795]
	[ 0.11900]
	[ 0.66378]

	
	
	
	
	
	
	
	

	D(PH(-3))
	-0.000167
	-0.005286
	0.245821
	0.186670
	0.211937
	0.807927
	-3.66E-05

	
	(0.00027)
	(0.26413)
	(0.29500)
	(0.17942)
	(0.75209)
	(1.87610)
	(7.4E-05)

	
	[-0.62096]
	[-0.02001]
	[ 0.83328]
	[ 1.04040]
	[ 0.28180]
	[ 0.43064]
	[-0.49363]

	
	
	
	
	
	
	
	

	D(PH(-4))
	0.000163
	-0.214017
	0.077577
	-0.115825
	0.283752
	0.684415
	2.74E-05

	
	(0.00024)
	(0.23827)
	(0.26612)
	(0.16185)
	(0.67844)
	(1.69240)
	(6.7E-05)

	
	[ 0.67268]
	[-0.89821]
	[ 0.29152]
	[-0.71562]
	[ 0.41824]
	[ 0.40440]
	[ 0.40961]

	
	
	
	
	
	
	
	

	D(SHB(-1))
	0.000659*
	0.512343
	-0.518648
	-0.247507
	0.370374
	2.596071
	0.000129

	
	(0.00037)
	(0.36605)
	(0.40883)
	(0.24865)
	(1.04227)
	(2.59998)
	(0.00010)

	
	[ 1.76873]
	[ 1.39967]
	[-1.26863]
	[-0.99541]
	[ 0.35535]
	[ 0.99850]
	[ 1.25112]

	
	
	
	
	
	
	
	

	D(SHB(-2))
	0.000513
	0.802075***
	-0.432788
	0.330200
	1.193211
	0.116971
	7.60E-05

	
	(0.00038)
	(0.37307)
	(0.41667)
	(0.25342)
	(1.06226)
	(2.64985)
	(0.00010)

	
	[ 1.35021]
	[ 2.14995]
	[-1.03869]
	[ 1.30298]
	[ 1.12327]
	[ 0.04414]
	[ 0.72507]

	
	
	
	
	
	
	
	

	D(SHB(-3))
	0.000402
	0.705569*
	-0.414987
	0.234614
	0.301336
	1.728633
	7.94E-05

	
	(0.00039)
	(0.38257)
	(0.42728)
	(0.25987)
	(1.08932)
	(2.71736)
	(0.00011)

	
	[ 1.03265]
	[ 1.84428]
	[-0.97122]
	[ 0.90280]
	[ 0.27663]
	[ 0.63614]
	[ 0.73871]

	
	
	
	
	
	
	
	

	D(SHB(-4))
	0.000218
	0.311945
	-0.175511
	0.130953
	-0.314430
	2.630034
	-5.93E-05

	
	(0.00033)
	(0.32738)
	(0.36564)
	(0.22238)
	(0.93217)
	(2.32533)
	(9.2E-05)

	
	[ 0.65432]
	[ 0.95286]
	[-0.48001]
	[ 0.58886]
	[-0.33731]
	[ 1.13103]
	[-0.64536]

	
	
	
	
	
	
	
	

	D(ML(-1))
	-0.001889***
	0.440747
	-0.274304
	0.424620
	0.853730
	1.889039
	-0.000600***

	
	(0.00088)
	(0.86670)
	(0.96800)
	(0.58874)
	(2.46783)
	(6.15609)
	(0.00024)

	
	[-2.14098]
	[ 0.50853]
	[-0.28337]
	[ 0.72124]
	[ 0.34594]
	[ 0.30686]
	[-2.46657]

	
	
	
	
	
	
	
	

	D(ML(-2))
	0.001452
	-0.088652
	0.044898
	-1.269681***
	0.262223
	-7.335633
	0.000276

	
	(0.00090)
	(0.88861)
	(0.99246)
	(0.60362)
	(2.53021)
	(6.31170)
	(0.00025)

	
	[ 1.60574]
	[-0.09977]
	[ 0.04524]
	[-2.10345]
	[ 0.10364]
	[-1.16223]
	[ 1.10411]

	
	
	
	
	
	
	
	

	D(ML(-3))
	0.000333
	0.104367
	-0.210399
	0.565690
	0.151802
	-3.534300
	0.000202

	
	(0.00084)
	(0.82354)
	(0.91979)
	(0.55942)
	(2.34494)
	(5.84954)
	(0.00023)

	
	[ 0.39670]
	[ 0.12673]
	[-0.22875]
	[ 1.01121]
	[ 0.06474]
	[-0.60420]
	[ 0.87182]

	
	
	
	
	
	
	
	

	D(ML(-4))
	-0.000233
	-0.344584
	0.170964
	0.811543*
	-1.514607
	8.780544*
	4.10E-05

	
	(0.00070)
	(0.68722)
	(0.76754)
	(0.46682)
	(1.95678)
	(4.88127)
	(0.00019)

	
	[-0.33348]
	[-0.50141]
	[ 0.22274]
	[ 1.73845]
	[-0.77403]
	[ 1.79883]
	[ 0.21227]

	
	
	
	
	
	
	
	

	D(REDL(-1))
	-7.22E-05
	0.026315
	0.041254
	0.125770*
	-0.634297***
	0.530100
	-1.12E-05

	
	(0.00010)
	(0.09889)
	(0.11044)
	(0.06717)
	(0.28157)
	(0.70238)
	(2.8E-05)

	
	[-0.71707]
	[ 0.26611]
	[ 0.37353]
	[ 1.87235]
	[-2.25272]
	[ 0.75472]
	[-0.40171]

	
	
	
	
	
	
	
	

	D(REDL(-2))
	4.55E-05
	-0.070589
	0.115901
	0.105320
	-0.626122***
	-0.095543
	3.77E-05

	
	(0.00011)
	(0.10650)
	(0.11895)
	(0.07235)
	(0.30326)
	(0.75649)
	(3.0E-05)

	
	[ 0.41960]
	[-0.66278]
	[ 0.97435]
	[ 1.45577]
	[-2.06465]
	[-0.12630]
	[ 1.25906]

	
	
	
	
	
	
	
	

	D(REDL(-3))
	-0.000108
	-0.346216***
	0.037972
	0.145556*
	-0.346478
	-0.875286
	-1.09E-06

	
	(0.00012)
	(0.11399)
	(0.12731)
	(0.07743)
	(0.32457)
	(0.80966)
	(3.2E-05)

	
	[-0.93399]
	[-3.03724]
	[ 0.29826]
	[ 1.87980]
	[-1.06749]
	[-1.08105]
	[-0.03392]

	
	
	
	
	
	
	
	

	D(REDL(-4))
	6.77E-06
	-0.210189**
	0.038981
	0.063414
	-0.421379
	-0.221540
	4.75E-05

	
	(0.00013)
	(0.12346)
	(0.13789)
	(0.08387)
	(0.35154)
	(0.87694)
	(3.5E-05)

	
	[ 0.05385]
	[-1.70246]
	[ 0.28269]
	[ 0.75614]
	[-1.19865]
	[-0.25263]
	[ 1.36956]

	
	
	
	
	
	
	
	

	D(YD(-1))
	5.55E-05
	0.040670
	0.030826
	0.106734***
	-0.049161
	-0.153815
	2.30E-05*

	
	(4.8E-05)
	(0.04697)
	(0.05246)
	(0.03190)
	(0.13373)
	(0.33360)
	(1.3E-05)

	
	[ 1.16091]
	[ 0.86593]
	[ 0.58766]
	[ 3.34552]
	[-0.36761]
	[-0.46108]
	[ 1.74506]

	
	
	
	
	
	
	
	

	D(YD(-2))
	7.18E-05
	0.041201
	0.035710
	0.092426***
	-0.080845
	-0.269418
	2.99E-05***

	
	(5.2E-05)
	(0.05119)
	(0.05717)
	(0.03477)
	(0.14575)
	(0.36357)
	(1.4E-05)

	
	[ 1.37761]
	[ 0.80492]
	[ 0.62464]
	[ 2.65820]
	[-0.55470]
	[-0.74103]
	[ 2.08211]

	
	
	
	
	
	
	
	

	D(YD(-3))
	3.43E-05
	0.039829
	0.027287
	0.108976***
	-0.097342
	-0.184183
	1.56E-05

	
	(5.1E-05)
	(0.04961)
	(0.05541)
	(0.03370)
	(0.14127)
	(0.35241)
	(1.4E-05)

	
	[ 0.68004]
	[ 0.80276]
	[ 0.49242]
	[ 3.23346]
	[-0.68904]
	[-0.52264]
	[ 1.12169]

	
	
	
	
	
	
	
	

	D(YD(-4))
	7.78E-05
	0.009496
	0.013464
	0.078643*
	-0.176993
	1.066480***
	2.90E-05*

	
	(6.1E-05)
	(0.05967)
	(0.06665)
	(0.04053)
	(0.16991)
	(0.42384)
	(1.7E-05)

	
	[ 1.28103]
	[ 0.15914]
	[ 0.20202]
	[ 1.94017]
	[-1.04170]
	[ 2.51623]
	[ 1.72828]

	
	
	
	
	
	
	
	

	D(UR(-1))
	2.272114*
	51.96283
	-216.6781
	-262.1843
	2911.142
	448.8415
	0.818228***

	
	(1.32779)
	(1304.52)
	(1456.98)
	(886.138)
	(3714.45)
	(9265.83)
	(0.36641)

	
	[ 1.71119]
	[ 0.03983]
	[-0.14872]
	[-0.29587]
	[ 0.78373]
	[ 0.04844]
	[ 2.23312]

	
	
	
	
	
	
	
	

	D(UR(-2))
	0.808947
	-263.1657
	378.4223
	1396.485*
	3470.431
	-7109.877
	0.309286

	
	(1.24672)
	(1224.86)
	(1368.01)
	(832.030)
	(3487.64)
	(8700.05)
	(0.34403)

	
	[ 0.64886]
	[-0.21485]
	[ 0.27662]
	[ 1.67841]
	[ 0.99506]
	[-0.81722]
	[ 0.89900]

	
	
	
	
	
	
	
	

	D(UR(-3))
	-0.213655
	901.5928
	-916.9203
	624.8039
	-2112.205
	6759.848
	0.379906

	
	(1.20499)
	(1183.87)
	(1322.23)
	(804.183)
	(3370.92)
	(8408.87)
	(0.33252)

	
	[-0.17731]
	[ 0.76157]
	[-0.69347]
	[ 0.77694]
	[-0.62660]
	[ 0.80389]
	[ 1.14251]

	
	
	
	
	
	
	
	

	D(UR(-4))
	-0.038834
	325.4584
	752.7959
	710.8640
	-19.55395
	24321.36***
	-0.368203

	
	(1.18924)
	(1168.39)
	(1304.94)
	(793.668)
	(3326.84)
	(8298.92)
	(0.32817)

	
	[-0.03265]
	[ 0.27855]
	[ 0.57688]
	[ 0.89567]
	[-0.00588]
	[ 2.93066]
	[-1.12199]

	
	
	
	
	
	
	
	

	C
	0.087923
	189.2493*
	-33.20440
	18.17210
	409.0989
	949.8337
	-0.008218

	
	(0.10189)
	(100.102)
	(111.801)
	(67.9980)
	(285.029)
	(711.015)
	(0.02812)

	
	[ 0.86293]
	[ 1.89056]
	[-0.29699]
	[ 0.26724]
	[ 1.43529]
	[ 1.33588]
	[-0.29229]

	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	

	R-squared
	0.539715
	0.926699
	0.720641
	0.904092
	0.881542
	0.991728
	0.716160

	Adj. R-squared
	-0.534282
	0.755662
	0.068804
	0.680306
	0.605141
	0.972426
	0.053867

	Sum sq. resids
	0.392417
	378778.6
	472488.2
	174779.0
	3070970.
	19109740
	0.029882

	S.E. equation
	0.180835
	177.6651
	198.4289
	120.6852
	505.8796
	1261.934
	0.049902

	F-statistic
	0.502529
	5.418140
	1.105554
	4.039983
	3.189356
	51.37974
	1.081334

	Log likelihood
	37.12806
	-245.3647
	-249.8965
	-229.5094
	-288.2671
	-325.7453
	89.91689

	Akaike AIC
	-0.396491
	13.38365
	13.60471
	12.61022
	15.47644
	17.30465
	-2.971556

	Schwarz SC
	0.815548
	14.59569
	14.81675
	13.82226
	16.68848
	18.51669
	-1.759517

	Mean dependent
	0.038771
	100.4143
	-3.175691
	319.1037
	77.55205
	325.6097
	-0.003732

	S.D. dependent
	0.145993
	359.4239
	205.6290
	213.4453
	805.0560
	7599.508
	0.051303

	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	

	Determinant resid covariance (dof adj.)
	7.09E+18
	
	
	
	
	

	Determinant resid covariance
	1.30E+15
	
	
	
	
	

	Log likelihood
	-1120.736
	
	
	
	
	

	Akaike information criterion
	64.57249
	
	
	
	
	

	Schwarz criterion
	73.05676
	
	
	
	
	

	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	


***, **, and * denote significance at the 1, 5, and 10% level, respectively. 

As the VAR results show in Table 3, most of the signs of the variables are as expected, except for the sign of UR. The results suggest [image: image40.png]


 is negatively related to the first lag period of mortgage loans and it is statistically significant. This also reflects the large amount of mortgage loans provided to households, which increases the likelihood of the banking system suffering from higher non-performing loan ratio and credit risks. One of the main findings of this study is that the results suggest [image: image42.png]


 is positively related to the scale of shadow banking, which is statistically significant. This indicates that the non-performing loan ratio is negatively related to the scale of shadow banking, which is opposite to what Liang [30] suggested but supported by Luo [31]. It is possible that this is due to credit and default risks of commercial banks being transferred to the shadow banking and thereby reducing the default risk. This is in contrast to the traditional view that shadow banking is risky and that their risk spill over into traditional banks. In other words, perhaps shadow banking in China absorbs or mitigates credit risks from commercial banks rather than adding to them. The empirical results also suggest that during this study’s period, the relationship between the shadow banking and regular banks tends to be more complementary rather than competitive. In addition, the impact of the unemployment rate on yt and of the non-performing loan ratio are unexpected. One possible reason to explain this result is that the unemployment rate in China is low and stable. It is also possible that higher unemployment induces individuals to pursue other productive economic activities, which are market oriented, such as being self-employed or starting small businesses. The result indicates higher disposable income, which actually reduces the non-performing loan, despite higher unemployment rates being observed. This is plausible in China where the state and state firms are big employers and those employed do not necessarily earn a high income and/or engage in profitable economic activities. Furthermore, a high unemployment rate reduces bank lending, which should reduce total bank lending, including lending in risky activities such as mortgages. 

The results show an insignificant relationship between default rate and house prices, which is against expectation but consistent with the results of other studies (see, for example, Kau et al. [41]). Perhaps despite a drop-in house value, so long as individuals and businesses are able to repay the loan, there is little incentive to default. House prices are expected to rise over time hence even a significant fall in value would be regarded as temporary, and hence would not induce default. Real estate development loans are also not statistically significant. This suggests that real estate projects are not necessarily risky. After all, such projects are involved in the development of real assets, which have intrinsic values, and are thus much less risky than loans to small firms which would not be able to repay their loans should business conditions prove to be unfavourable. In addition, banks tend to be very cautious when issuing loans to real estate developers, and typically lend only to large developers. As a result, failed projects in real estate are not likely to be a significant portion of total loans. Despite being of the correct sign, the coefficients for disposable income fail to be statistically significant. Given that house prices are many times the average disposable income particularly in major ‘tier one’ cities, it is not so surprising that disposable income has little effect on the default rate; this can be explained if we assume that most of the loans given to individuals, and thus sensitive to disposable income, are issued for the purpose of home purchase.  

Scenario analysis

Based on our results we attempt to forecast the non-performing loan ratio several quarters in advance – from Q3 2016 to Q4 2018. We utilise the coefficients derived from the above empirical analysis and assume that the same relationship applies during the forecasting period. This is a relatively reasonable and plausible assumption since the forecast period is short. 

The scenario analysis is devised to reflect various adverse scenarios which are can plausibly occur and hence realistic, to examine how the stability of the financial system is likely to be affected. We devise five scenarios based on assumptions of how the set of independent variables will change over time during this period, which are divided in two groups. Thereafter, we compare the scenarios within the group. The first group consists of three scenarios, ‘Baseline’, ‘Expansionary credit policy’, ‘Tightening credit policy’. The second group includes the scenarios of ‘Baseline’, ‘Economic Upturn’ and ‘Economic Downturn’. 

We first average the change in the exogenous variables over the timespan of the existing data (from Q1 2005 to Q2 2006). The Baseline scenario assumes that the independent variables will change by the average amount computed from the existing data, in every quarter. This scenario, therefore, models the changes that are likely to occur from the data we can observe, if the conditions remain largely unchanged during the forecast period. The expansionary scenario shows the case for the Chinese government, or the Central Bank pursuing expansionary credit policy.  Under this scenario, the variables PH, ML, SHB
 and REDL are assumed to increase by 0.2 standard deviations plus the mean, per period. SHB increases due to expansionary credit policy since we assume that SHB and traditional banking are complementary rather than in direct competition as suggested by Wen et al. [4]. Therefore, more credit in the system is absorbed by both the formal banking sector and shadow banking, the two being closely linked. UR on the other hand falls by 0.2. By contrast the Tightening scenario models the situation of a credit restriction policy applied. Under this scenario the PH, ML and REDL variables increase by the mean minus 0.2 standard deviations; YD and UR change by the same amount as the mean; SHB decrease by 0.2 standard deviations plus the mean. We use 0.2 standard deviation which is just an arbitrary figure but reflects a substantial degree of variation that is likely to occur in an economy in the event of a major shock. If a change in 0.2 standard deviations is sustained for four quarters in the same direction whether positive or negative, then the cumulative effect would be almost a full standard deviation per year. 

Figure 1 Non-performing loan ratio under baseline scenario, expansionary and tightening credit policy (forecast from Q3 2016 onwards)

[image: image43]

[image: image44]

[image: image45]
Source: China Banking Regulatory Commission (Q1 2005 – Q2 2016) and Author’s Model Forecast (Q3 2016 – Q4 2018) 

Due to the specification of the model being highly influenced by lagged variables, the effects of monetary expansion, tightening policies, or their absence, would not be pronounced immediately but only after a few periods/quarters. Under these three scenarios, the non- performing loan ratio increases initially before falling and moving towards stabilisation. Comparatively speaking, the expansionary credit policy is actually the most effective at reducing the non-performance loan ratio in China, achieving the lowest ratio by the end of the modelling period in Q4 2018. This is because we assume that under this scenario house prices and income would rise the most rapidly accompanied by falling unemployment; all these factors lead to a reduction in default rate. Credit restriction policy would also reduce the non-performing loan ratio compared to the baseline scenario, but not by as much as in the case of an expansionary policy because it would negatively impact on house prices, disposable income and produce higher unemployment in comparison to the baseline scenario. It should be noted that in all three cases the non-performing loan ratio declines to very low levels. This suggests that in the absence of any major shocks a healthy economy with steady house prices, income and employment rate should not pose systematic risk to the economy. The similarity of these results should be expected if we believe that shadow banking, as a form of alternative financial intermediary, works as a counterbalance to the monetary policy and therefore acts as a stabilising force. 

We next analyse the case where there is an economic shock to the system. We compare the case for baseline, economic downturn versus economic upturn. In the former case, PH and YD both fall by 2% per quarter while in the latter case, they increase by the same amount. We do not factor in the change in UR even though it is a key economic variable, since its sign is opposite to what is usually expected (higher UR reduces the non-performance loan rate according to the model coefficients). 

Figure 2 Non-performing loan ratio under baseline scenario, economic downturn and upturn (forecast from Q3 2016 onwards)
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Source:  China Banking Regulatory Commission (Q1 2005 – Q2 2016) and Author’s Model Forecast (Q3 2016 – Q4 2018) 

As can be seen, during an economic downturn, the non-performance loan ratio rises dramatically, rising to almost 14% at its highest. If the modelling period is extended then the rate will rise even further. On the other hand if economic conditions are good the non-performance loan ratio drops steadily to a very low level. The results suggest that the Chinese banking system is still very vulnerable to economic shocks. As mentioned previously, house prices are a ‘barometer’ of the health of the economy. Sustained economic and income growth are also necessary otherwise the non-performing loan ratio can rise very quickly. House prices and economic growth are currently the government’s top policy priorities in addressing an economy which is increasingly reliant on debt. 

Summary and conclusions

We investigate the vulnerability of the commercial banks in China by employing a credit risk and macroeconomic stress test with particular focus on housing market related variables and the role of shadow banking. We construct a theoretical framework by combining the conventional and new stress test approaches, which produces our testable hypothesis. Our empirical results suggest that during the study period, 2005(Q1) to 2016(Q2), the banking system was stable. One of our main findings is the complementary effect of shadow banking’s risks to the default risks of commercial banks. The rise in the scale of shadow banking helps to absorb the credit risks of commercial banks in China rather than allowing them to spill into commercial banks (also supported by Luo [31]). Thereafter, we conduct a scenario analysis on the banking system in China. By applying both historical and hypothetical scenario instances, we set up five different scenarios: baseline, expansionary and tightening credit policy, economic upturn and downturn. Under normal plausible scenarios factoring in the central bank’s monetary policies, the non-performing loan ratio is stable. In fact, under such circumstances expansionary monetary policies may be more effective at reducing non-performing loan, since they are likely to induce a rise in house prices and disposable income. However, in the event of significant economic shock which negatively impacts house price and disposable income at 2% per quarter (amounting to just over 8% per annum) holding other factors constant, the non-performing loan ratio rises quickly and dramatically. This suggests that the systematic risk to the Chinese banking sector in the event of adverse economic climate, can be large, leaving it vulnerable. Therefore, unless such catastrophe occurs at the national level, the Central Bank should usually be able to reign in the non-performance loan ratio to within a safe level via appropriate monetary and credit policy. In terms of the regulation of shadow banking, China’s public authority and regulators should monitor the shadow banking system to prevent commercial banks from avoiding regulatory controls through their involvement with the shadow banking business, which could increase financial risks. 
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Appendix A

Table A1 Explanation of the variables used for the estimation
	Variable
	Explanation
	Variable Code
	Source
	Period and Unit

	Non-performing loan (NPL) ratio
	The amount of non-performing loans over total loans
	NPLR
	China Banking Regulatory Commission
	Quarterly Q1/2005-Q2/2016; Percentage

	Disposable income per capita
	The disposable income per capita of urban household.
	YD
	National Bureau of Statistics in China
	Quarterly Q1/2005-Q2/2016; RMB

	House price
	The average residential property price.
	PH
	National Bureau of Statistics in China
	Monthly

01/2015-06/2016; RMB/Square Meter

	Unemployment rate
	The percentage of the total labor force that is unemployed but are willing to work and seeking employment.
	UR
	Ministry of Human Resources and Social Security
	Quarterly Q1/2005-Q2/2016; Percentage

	Mortgage loan
	The total amount of mortgage loans provided by the commercial banks.
	ML
	The People’s Bank of China
	Quarterly Q1/2005-Q2/2016; RMB Billion



	Real estate development loan
	The total amount of loans to real estate development provided by the commercial banks.

	REDL
	The People’s Bank of China
	Quarterly Q1/2005-Q2/2016; RMB Billion



	Scale of shadow banking
	The entrusted loan, trust loan and undiscounted bankers’ acceptances are used as the coverage for shadow banking in China (Huang, 2015; Sheng and Soon, 2016).
	SHB

	The People’s Bank of China
	Monthly 01/2005-06/2016; RMB Billion




Source Own construction

Appendix B

Table B1 Phillips-Perron Test

	Variable
	Level
	1st Difference

	[image: image49.png]



	-2.289948
	-5.666147***

	YD
	-5.162378***
	-19.78777***

	PH
	0.287995
	-17.58408***

	UR
	-2.295194
	-5.602047***

	ML
	4.862763
	-2.862115*

	REDL
	-1.624167
	-15.76695***

	SHB
	-3.865372***
	-13.66890***


***,**, and * denote significance at the 1, 5, and 10% level, respectively. 
Source Own construction

Table B2 GLS-based Dickey-Fuller Test

	Variable
	Level
	1st Difference
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	-0.519415
	-1.821368*

	YD
	-4.258762***
	-10.52724***

	PH
	0.773970
	-1.808911*

	UR
	-1.744981*
	-5.659256***

	ML
	-0.276144
	-2.506074**

	REDL
	-0.070199
	-1.866171*

	SHB
	-1.198629
	-2.637179***


***, **, and * denote significance at the 1, 5, and 10% level, respectively. 
Source Own construction

Table B3 Kwiatkowski-Phillips-Schmidt-Shin Test

	Variable
	Level
	1st Difference
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	0.206223**
	0.096973

	YD
	1.110356***
	0.113581

	PH
	0.877129***
	0.186723

	UR
	0.277415
	0.047280

	ML
	0.216770***
	0.049120

	REDL
	0.832841***
	0.176963

	SHB
	0.292466
	0.287142


***, **, and * denote significance at the 1, 5, and 10% level, respectively. 

Source Own construction
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� Department of Land Economy, University of Cambridge, 19 Silver Street, Cambridge, CB3 9EP, UK


� Department of Land Economy, University of Cambridge, 19 Silver Street, Cambridge, CB3 9EP, UK


� The start date was chosen as it is the earliest data for mortgage loans. The end date was chosen as the government began to control shadow banking after realising its potential risk. Major policy interventions and its effects may be difficult to entangle from the effects of variables we wish to investigate hence our terminal period is set just prior to major government intervention in shadow banking.


�  See “Property loans, the glass chin of China banks”.  Available at  � HYPERLINK "http://www.reuters.com/article/us-china-banks-realestate-idUSKCN0YG05Z" �http://www.reuters.com/article/us-china-banks-realestate-idUSKCN0YG05Z� 





� The non-performing loan ratio is published by China Banking Regulatory Commission. 





� We convert the monthly data into quarterly data. 


� The ADF unit root test of YD is checked with the trend and intercept included.


� We assume the scale of shadow banking increases (decreases) under the scenario of expansionary (tightening) credit policy because of our above argument that the relationship between shadow banking and regular banking are complementary.
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