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Abstract

In this paper, the first study of stochastic economic modelling with Chinese data is conducted for
actuarial use. Univariate models, vector autoregression and two cascade systems (equity-driving
cascade system and price-inflation-driving cascade system) are described and compared. We focus on
six major economic assumptions for modelling purposes, which are price inflation rate, wage
inflation rate, long-term interest rate, short-term interest rate, equity total return and bond total
return. Granger causality tests are used to identify the driving force of a cascade system. Robust
standard errors are estimated for each model. Diagnostic checking of residuals, goodness-of-fit
measures and out-of-sample validations are applied for model selection. By comparing different
models for each variable, we find that the equity-driving cascade system is the best structure
for actuarial use in China. The forecasts of the variables could be applied as economic inputs
to stochastic projection models of insurance portfolios or pension funds for short-term asset and
liability cash flow forecasting.
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1. Introduction

Economic variables are assumptions of a mixed insurance portfolio or pension scheme. To manage
the economic and investment risks involved and to simulate the dynamic variation of assets and
liabilities, it is crucial to project the economic assumptions in a credible manner. In the literature,
deterministic assumptions have been applied in quantitative modelling for actuarial use in China (see
Sin, 2005; Wang et al., 2007; Oksanen, 2010). With the development of econometric techniques,
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some countries, such as the United States, Canada, Australia and the United Kingdom, have
employed stochastic modelling methods in life insurance and pensions. However, such a stochastic
model has not been developed for China yet. So this research is to fill that gap and provide the first
stochastic economic model for actuarial use in China.

Stochastic economic models have been widely used among actuaries in recent years for both long-
range (30 to 70 years) and short-range (5 to 10 years) forecasting. For example, Frees et al. (1997)
build both univariate autoregressive-integrated moving-average (ARIMA) models and vector auto-
regression (VAR) models with generalised autoregressive conditionally heteroscedastic (GARCH)
errors for four economic variables to do short-range tests of the social security system in the United
States. Rosenberg & Young (1999) explore a Bayesian approach to analyse time series data. An
application to the US unemployment rates is illustrated in their paper. Chan et al. (2004) introduce
some non-linear threshold autoregressive time series models for actuarial use. Hardy (2001) defines a
regime-switching log-normal model for long-term stock returns. Harris (1999) investigates a Markov
chain Monte Carlo (MCMC) regime-switching VAR model based on Australian data for long-term
use and a Bayesian MCMC estimation procedure is explored.

In the United Kingdom, Wilkie (1986, 1995) develops a series of transfer function models (TFM) for
long-term prediction. In his papers, the price inflation rate is assumed to be the driving force of all the
other variables. Thomson (1996) analyses the Wilkie (1986, 1995) modelling strategy using pre-
whitening techniques (see Box & Jenkins, 1976) with an application to South Africa for projections
of not more than 10 years. A non-linear stochastic asset model for UK data is investigated by
Whitten & Thomas (1999). The authors consider both autoregressive conditionally heteroscedastic
(ARCH) techniques and threshold modelling, which are demonstrated as a useful progression from
the Wilkie (1995) model. Sahin et al. (2008) revisit the Wilkie investment model by updating the
parameters to 2007 and studying the parameter stability. Wilkie er al. (2011) update the Wilkie
(1995) model to 2009, and the results report that the residuals of many series are much fatter-tailed
than a normal distribution. Butt (2010) builds both a Kemp model (as discussed by Smith, 1995) and
a Wilkie-type model based on Australian data for stochastic management of closed defined benefit
retirement schemes. The comparisons of results indicate that the Wilkie model performs better than
the Kemp model. Although the Wilkie model has been applied in many economies, it also receives
criticisms by many researchers (see Kitts, 1990; Geohegan et al., 1992; Huber, 1997). In addition,
Dickson (2001) reports that there have been actuaries in other countries, including Australia, who
claim that the Wilkie model is inappropriate to apply to their studies. Therefore, it is crucial to
explore if the Wilkie model is consistent with features in other countries before using it. And it is also
important to develop methodologies that could be employed to derive new cascade structures where
the Wilkie model is inappropriate to be adopted.

Given that the time span of the Chinese data is only 10 years, regime-switching methods are inappropriate
to apply. As this is the first attempt to do stochastic economic modelling for China, we consider three
basic structures: univariate ARIMA models, VAR models and cascade systems. Economic variables to be
modelled in this study are: price inflation rate, wage inflation rate, long-term interest rate, short-term
interest rate, equity total return (domestic) and bond total return (domestic), which are major economic
assumptions for insurance companies and pension schemes in China. The results of this research are
suitable to be used for short-term asset and liability cash flow forecasting.

The structure of this paper is as follows. In section 2, data transformations and data sources are

introduced for each variable. Three modelling structures are explored in section 3. Model comparisons
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and model selection are presented in section 4. Methods of model forecasting are introduced in
section 5. Finally, conclusions are made in section 6.

2. Data

When analysing data, we first plot each time series and then use some test statistics to determine
whether any transformation is necessary. Typical transformations include logarithmic transformation
and differencing to remove the trend or seasonality.

Suppose x is an effective rate of return in percentage, then we define the logarithmic transformation as

log(1+x/100)

This logarithmic rate is also called the force of the rate or the continuously compounded (CC) rate.
If x is relatively large, such as 10 or more, then taking a logarithmic transformation could dampen the
oscillation and straighten the non-linear trend (see Frees et al., 1997; Enders, 2010).

Augmented Dickey-Fuller (ADF) and Phillips—Perron (PP) tests are used for unit root testing and the
Osborn-Chui-Smith-Birchenhall (OCSB) test is used for seasonal unit root' testing. If a time series
contains a unit root or seasonal unit root, it can be transformed into a stationary series by differencing.

In this research, quarterly data are analysed for modelling purposes from the second quarter of 2002
to the fourth quarter of 2012, which is the largest time span we could obtain. All observations are
raw data without seasonal adjustment. We use nominal variables for modelling purposes. Since the
price inflation rate has been considered, it will be easy, if desired, to transform the projected nominal
series to real series. However, it would be better to model price-inflation-protected bonds to reflect
the assets and liabilities in real terms; however, these are currently not available in China.

We denote CC variables for time period ¢ by lower case letters, such as p(z), w(t) and [(z), where ¢ is
measured in quarters. A and A4 denote the first-order difference and seasonal difference at lag 4,
respectively. For example, Al(¢) denotes the first differenced long-term interest rate, which is equal to
I(#) = I(t- 1) and A4w(t) denotes the seasonal differenced wage inflation rate at lag 4, which is equal to
w(t) -w(t-4). In addition, we use the bar notation to denote effective rates. For example, the
effective quarterly price inflation rate of return is denoted by p(z).

We summarise the data sources for all the variables in Table 1.

Price inflation rate. We use the percentage change of consumer price index to reflect the price
inflation rate. The OCSB seasonal unit root test result* suggests that there is one seasonal unit root in
the CC price inflation rate sequence {p(¢)}. Therefore, the seasonal non-stationarity should be
removed by taking the seasonal difference A4p(#). Both the original and seasonally differenced time
series plots are displayed in Figure 1.

L If the characteristic equation of a stochastic process contains factors with seasonal orders, such as (1 - L*) or
(1- L"), where L is the lag operator, then we say it has seasonal unit roots.

2 The OCSB seasonal unit root test is conducted at the 5% level of significance and the result indicates that
there is one seasonal unit root at lag 4. The test is implemented in R package “forecast” developed by Hyndman
et al. (2013). Similar tests are run to determine the seasonal unit roots and appropriate lags for other variables.
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Table 1. Data sources.

Variable Index Data source Database Frequency Start date
Price inflation The percentage change of National Bureau of Datastream Monthly  January
CPI (CHCPINATR) Statistics 1996
Wage inflation Average labour rewards ~ National Bureau of Datastream Quarterly Q1 1999
of urban units Statistics
(CHWGU..QA)

Long-term 10-year Chinese China Central Depository Wind Daily 4 January
interest rate government bond yield and Clearing Co., Ltd 2002
Short-term Repo 7-day fixing rate China Foreign Exchange  Wind Daily 4 January
interest rate (FRO07) Trade System 2000
Equity total The total-value-weighted ~ Shenzhen and Shanghai ~ CSMAR Daily 19 December

return aggregated A-share Stock Exchange 1990
market returns
Bond total ChinaBond Treasury China Central Depository Wind Daily 4 January
return Bond Aggregate Index and Clearing Co., Ltd 2002
(TBAI)

Wage inflation rate. The cumulative average wage of employed staff and workers in urban units
without seasonal adjustment is published by the National Bureau of Statistics. The index reflecting
the level of wage income is for staff and workers in enterprises, institutions and government agencies.
For the quarterly data, the observations refer to the cumulative average wage at the end of each
period. Consequently, we need to remove the aggregate effect before using it. Suppose the actual
average wage of employed people in time period ¢ is denoted by #(¢) and the cumulative average
wage to time period ¢ is denoted by m1(¢) then the actual average wage of employed people can be
derived as follows

m(t), if tis quarter 1
n(t) =

m(t)—m(t—1), if tis not quarter 1

n(t—1)
w(t) = In(1+70(¢)/100). We plot the CC wage inflation rate in the first graph in Figure 2. The strong

seasonality within the quarterly wage inflation rate sequence is owing to the fact that rewards in the
last quarter of each year are much higher than other quarters, which is a common phenomenon in

The effective wage inflation rate 7(¢) for time period ¢ is 7 (¢) = 100x < ~(t) 712 and the CC rate is

Chinese institutions and enterprises and is called end-of-year rewards. By conducting the seasonal
unit root test, we find that there is a seasonal unit root in the CC wage inflation rate sequence {w/(z)}.
By seasonal differencing of the data, we obtain stationary time series {A42(2)}, which is shown in the
second graph of Figure 2.

Long-term interest rate. Ten-year Chinese government bond yield is used to represent the long-term
interest rate. Both ADF and PP unit root tests of the CC long-term interest rate {/(¢)} suggest one unit
root. Hence, we difference the data to obtain the stationary sequence {Al()}. Both the original and
differenced time series plots are shown in Figure 3.

Short-term interest rate. Repo 7-day fixing rate is applied as the Chinese short-term interest rate,

which is to be used for cash investment. Besides the Repo 7-day fixing rate, there are other candidate
proxies for this variable, such as China interbank offered rate (Chibor), Shanghai interbank offered
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Figure 1. Price inflation rate.

rate (Shibor) and 1-year deposit rate. We choose to use the Repo 7-day fixing rate for several
reasons. First, the Thomson Reuters China Pension Fund Index, which is used for enterprise
annuities (EA)®, changed their short-term interest rate index from the 1-year deposit rate to Repo
7-day fixing rate for cash investment in 2011. Second, another well-accepted index Shibor has
a very similar data pattern with the Repo 7-day fixing rate; however, its data starts from 2006,
which gives only 6 years of history. In addition, Wang (2012) shows that Repo 7-day fixing rate
is the best benchmark short-term interest rate for China based on an empirical study of several
possible indices.

Both the ADF and PP unit root tests suggest a unit root in the CC short-term interest rate {s(¢)}. So we
calculate the difference in the data to obtain stationary time series {As(#)}. Both the original and
differenced time series plots are displayed in Figure 4. The unusually high volatility that can be
observed since December 2010 is owing to reasons such as the slowdown of external liquidity inflow
and declined deposit growth rate (see Pan & Cao, 2012).

3 EA is a voluntary fully funded scheme sponsored by enterprises in China, which is the second pillar of the
Chinese pension system. For more details, please refer to Impavido et al. (2009).
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Figure 2. Wage inflation rate.

Equity total return. The total-value-weighted aggregated market returns are obtained from CSMAR
database, which is published via regular and interim announcements from companies listed in
Shenzhen and Shanghai A Share Stock Markets (for domestic investors only). Another candidate
proxy is China Security Index 300, which includes both the price index and total return index.
However, the total return index is only available from 2006. So we have to use the total-value-
weighted aggregated market returns from CSMAR to obtain more observations. The CC equity total
return sequence is derived from the monthly sequence. The time series plot of {e(¢)} is shown in
Figure 5. There is a trough in 2008 that is because of the global financial crisis.

Bond total return. In general, pension funds or insurance companies could invest in bonds with
various durations and credit ratings. So we model bond total return as an approximation to all the
investment possibilities. ChinaBond treasury bond aggregate index is used as the proxy for Chinese
bond total return. This index includes treasury bonds, financial bonds and corporate bonds listed on
Shanghai Stock Exchange, Shenzhen Stock Exchange and the interbank market. The terms to
maturity are above 1 year. The index is calculated by assuming coupons are reinvested into the bond
index. The CC bond total return {b(¢)} is stationary and shown in Figure 6. The peak in 2008 is also
because of the global financial crisis as investors moved from the equity market to the bond market.
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Figure 3. Long-term interest rate.

All variables are summarised in Table 2. Unless otherwise specified, all values of these variables are
expressed as percentages throughout this paper. We always use CC rates of return for modelling
purposes, except for the long-term interest rate model in the Wilkie-type (price-inflation-driving)
cascade system in section 3.3.2, where we model the effective long-term interest rate to be consistent
with the original Wilkie model.

3. Models

In this section, we will investigate three modelling structures: univariate models, VAR and cascade systems.
Greek letters, such as u, a, f8, are used to denote coefficients in the models. e(#) is to denote the error term.
In addition, subscripts of the notations are used to distinguish the coefficients for different variables, for
example, 1, and a, will appear in the model for price inflation rate p(¢); 1%, 5% and 10% significance
levels are denoted by ***, ** and * respectively, for parameters estimated and relevant statistics.

3.1. Univariate models

Univariate models do not take interrelationships among variables into consideration and exclude
the effects of exogenous variables. Box & Jenkins (1976) methodology entails three steps to
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Figure 4. Short-term interest rate.
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Figure 5. Equity total return.

build univariate ARIMA models: model identification, model estimation and model diagnostic
checking. Their aim is to provide a technique that leads to parsimonious models. In this paper, the
modelling process is described using similar processes with references from modern econometrics
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Figure 6. Bond total return.
Table 2. Variables.
Variable Effective Continuously compounded Stationary
Price inflation rate p(t) p(2) Ayp(2)
Wage inflation rate w(t) w(t) Aquw(t)
Long-term interest I(z) I(z) Al(z)
Short-term interest 5(¢) s(t) As(t)
Equity total return E(t) e(t) e(t)
Bond total return b(z) b(z) b(t)

(see Hamilton, 1994; Enders, 2010). To begin, we define the ARIMA model and other related
models as follows.

Definition 1. Suppose {y(¢)} is a stochastic process with the following formulation

4 q
Y(t) =ao+ Y aiy(t—i)+e(t)+ > _ pie(t—i) (1)
=1 =1

where {e(#)} is a white-noise process. If all the characteristic roots* of equation (1) lie outside the
unit circle, {y(¢)} is called an autoregressive moving-average process (ARMA) (p,q). If one or more
characteristic roots of equation (1) is greater than or equal to unity, the {y(#)} is called an integrated
process and equation (1) is called an ARIMA. If the homogeneous part’ of equation (1) has d unit
roots, then the process {y()} is integrated of order d, denoted by I(d). And the 4™ difference of {y(z)},
denoted by {A%(t)}, is stationary. The ARIMA model for y(¢) is denoted by ARIMA (p,d,q), with the
interpretation that the d difference of {y(z)} is a stationary ARMA (p,q) process.

Model identification. This is the first stage in the modelling process. The autocorrelation function
(ACF) and the partial autocorrelation function (PACF) are used to identify lags of variables that

* The characteristic roots are the values that solve the characteristic equation: 1— P ali =0.
5 The homogeneous part of a linear equation in the variables y(t - p) through y(¢) only contains terms that
involve the variables. Hence, in this case, the homogeneous part of equation (1) is y(¢)— 37, a;y(t—i) = 0.
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should be incorporated. Generally speaking, it is convenient to use the PACF to identify the lag of the
autoregressive component and use ACF to identify the lag of the moving-average component.
However, it is still complicated to identify the model structures definitely. Hence, to determine the
best p and ¢ in equation (1), we estimate models with different lags and then use Akaike information
criterion (AIC) and Bayesian information criterion (BIC) goodness-of-fit measures to select the model
with the best fit. There are a number of different ways to report the AIC and BIC. In this paper we
use the following definitions

AIC = —2In(L)/T+2n/T,
BIC = —2In(L)/T+In(T)xn/T

where L is the maximised value of the log of the likelihood function, 7 the number of parameters
estimated and T the number of observations used for model fitting. Both AIC and BIC have penalties
on the number of parameters, and BIC selects more parsimonious model. The smaller is the value of
AIC or BIC, the better is the model fitted.

Model estimation. In this paper, the ordinary least squares estimation method is applied. The
Newey—West heteroskedasticity and autocorrelation consistent estimation is used to generate robust
standard errors.

For GARCH?® models, maximum likelihood estimation techniques are applied for model estimation.
Robust standard errors are estimated using the Bollerslev & Wooldridge (1992) method.

For the model fitting, we always use the whole period of the data history from the second quarter of
2002 to the fourth quarter of 2012.

Model checking. We check the model from different perspectives, such as the normality and
correlations of residuals, goodness-of-fit measures, significance of parameters and out-of-sample
validation.

In this paper, we assume the error terms of stochastic models follow Gaussian white-noise processes.
The normality of residuals is tested using Jarque—Bera (JB) statistic. The test statistic is defined as

_ﬂ 1 2
JB = (SZ+Z(K—3) )

where 7 is the number of observations, S the sample skewness and K the sample kurtosis. If the data
follows a normal distribution, the JB statistic asymptotically follows a y* distribution with 2 degrees
of freedom.

Independence of the residuals is tested using the ACF and PACF of residuals. Conditional hetero-
scedasticity of residuals is tested using the ACF and PACF of squared residuals. The Ljung-Box
O-statistic is the test statistic for autocorrelations, which is an asymptotically y* distribution with
degrees of freedom equal to the number of autocorrelations. Q-statistics at lag one are denoted by
AC1(Res) and AC1(Res?) for the autocorrelations of residuals and squared residuals, respectively.

Goodness-of-fit is tested using AIC and BIC measures, which are discussed above. Significance of
parameters is tested using #-tests and F-tests; and #-tests are used to test the significance of a single

® The definition of GARCH model is shown in equation (8).
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parameter, while F-tests are to test the significance of a group of parameters. Both of the two tests are
used to identify the insignificant parameters and streamline the model. In this paper, we only provide
the results of t-tests for parameters in the model that we derive for each variable.

Out-of-sample validations are conducted to evaluate the forecasting performance. Suppose there are
n+h observations in total. We use the first # observations for estimation and then use the estimated
parameters to generate a one-step-ahead forecast. We then use the generated one-step-ahead forecast
observation and estimated coefficients to obtain a second one-step-ahead forecast. Similar methods
are applied to generate b one-step-ahead forecasts. The forecast sample is from 72+ 1 to 7+ h. And we
denote the the actual and forecasted values in period ¢ (# ranges from 7+ 1 to n+h) as y(¢) and y(¢).
The root mean square forecast error (RMSFE) is defined as follows

n+h

. 2
RMSFE =1 > ((0)-y(0)
t=n+1
RMSEFE is used for model selection, and we should select the model with the smallest RMSFE. In this
paper, to conduct an out-of-sample validation, the estimation sample is from the second quarter of 2002 to
the fourth quarter of 2010; and the forecast sample is from the first quarter of 2011 to the fourth quarter

of 2012. However, for model fitting, we always use the whole data period from the second quarter of 2002
to the fourth quarter of 2012. All values of RMSFE are based on CC non-differenced variables.

3.1.1. Price inflation rate
The seasonal differenced price inflation rate A4p(z) is modelled by an AR(1) process:

Asp(t) = apAsp(t—1)+ey(2) (2)

To interpret the model, the differenced price inflation rate in time period ¢ is proportion to the
differenced term in the previous period #-1. The estimation results are shown in Table 3. As
discussed above, 1%, 5% and 10% significance levels are denoted by ***, ** and * respectively, for
parameters estimated and relevant statistics. So if there is no asterisk with the test statistics, it means
the statistics can be regarded as insignificant. For example, in Table 3, the estimated value of a,, is
significant at 5% level, AC1(Res), AC1(Res?) and JB statistic are insignificant based on all three
levels. The robust standard error of the parameter estimation is provided in brackets. The results
indicate that residuals are normally distributed and exhibit no autocorrelations.

3.1.2. Wage inflation rate

The seasonal differenced wage inflation rate Ajw(t) is modelled as a white-noise process:
Aqw(t) = €,(2) (3)

There is no parameter estimation in this model. The diagnostic checking of results is shown in
Table 4. Residuals are normally distributed with no particularly significant autocorrelations.

3.1.3. Long-term interest rate
The first differenced long-term interest rate Al(z) is modelled as a white-noise process:

Al(t) = e(t) (4)

Diagnostic checking of the results is shown in Table 5. Residuals are normally distributed. There is
no evidence of significant autocorrelations in residuals.
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Table 3. Estimations for price inflation rate.

Price inflation rate

a 0.374727** (0.153163)
s.e. of regression 1.236185
AC1(Res) ~0.036
AC1(Res?) 0.020

Jarque - Bera 1.884042

AIC 3.285458

BIC 3.326831
RMSFE 1.045017

**significant at the 5% level.
AIC, Akaike information criterion; BIC, Bayesian information criterion; RMSFE, root mean
square forecast error.

Table 4. Estimations for wage inflation rate.

Wage inflation rate

s.e. of regression 1.8363
AC1(Res) -0.255*
AC1(Res?) -0.042
Jarque - Bera 2.1609
AIC 4.053256
BIC 4.053256
RMSFE 2.14875

*significant at the 10% level.
AIC, Akaike information criterion; BIC, Bayesian information criterion; RMSFE, root mean
square forecast error.

3.1.4. Short-term interest rate
The differenced short-term interest rate As(#) is modelled as an AR(1) process:
As(t) = asAs(t—1) + () ()

To interpret the model, the differenced quarterly short-term interest rate in time period ¢ is a proportion
of the differenced term in the previous period # - 1. Estimated parameters are in Table 6. The hypothesis
of normally distributed residuals is rejected because of the high volatility from December 2010.
A regime-switching model may be appropriate in this case but has not been tested owing to the
limitation of data. We have also tried the GARCH framework; however, it does not provide a better
model based on AIC, BIC and RMSFE measures. There is no evidence of autocorrelations in residuals.

3.1.5. Equity total return
The equity total return e(z) follows an AR(1) process:

e(t) - Me+xe(t)
X (1) = aex.(t—1)+¢€,(t) (6)
where p, is the long-term mean. The estimation results are shown in Table 7. The residuals are

normality distributed and are not autocorrelated.
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Table 5. Estimations for long-term interest rate.

Long-term interest rate

s.e. of regression 0.09599
AC1(Res) 0.171
AC1(Res?) 0.201
Jarque - Bera 0.2002
AIC -1.84929
BIC -1.84929
RMSFE 0.083716

AIC, Akaike information criterion; BIC, Bayesian information criterion; RMSFE, root mean
square forecast error.

Table 6. Estimations for short-term interest rate.

Short-term interest rate

as -0.623615*** (0.130850)
s.e. of regression 0.247344
AC1(Res) 0.090

AC1(Res?) 0.078

Jarque - Bera 11.33603%***

AIC 0.068018

BIC 0.109813

RMSFE 0.529670

***significant at the 1% level.
AIC, Akaike information criterion; BIC, Bayesian information criterion; RMSFE, root mean
square forecast error.

Table 7. Estimations for equity total return.

Equity total return

He 1.133138 (3.987254 )
a, 0.315179** (0.124969 )
s.e. of regression 16.90719
AC1(Res) -0.049
AC2(Res?) -0.049

Jarque - Bera 0.392629

AIC 8.539803

BIC 8.622550
RMSFE 8.586427

**significant at the 5% level.
AIC, Akaike information criterion; BIC, Bayesian information criterion; RMSFE, root mean
square forecast error.

3.1.6. Bond total return

A white-noise process is assumed for the bond total return b(%):
b(t) =, +e (1) 7)

uyp, refers to the expected quarterly bond total return in the long run. The estimated parameters and
diagnostic checking of results are shown in Table 8. Residuals are not normally distributed owing to
the peak in year 2008. Although there is no autocorrelations of residuals, the squared residuals are
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Table 8. Estimations for bond total return.

AR AR-GARCH
m 0.778708** (0.342895) 0.778018%*** (0.152374)
o NA 3.634940*** (1.011010)
1 NA 0.602953*** (0.174751)
I NA -0.297305*** (0.073136)
s.e. of regression 2.179183 2.179183
AC1(Res) 0.082 0.077
AC1(Res?) 0.387** -0.138
Jarque - Bera 12.14286%*** 0.732037
AIC 4.418758 4.244384
BIC 4.459716 4.408216
RMSFE 0.557512 0.613479

**significant at the 5% level; ***significant at the 1% level.
AR-GARCH, autoregressive generalised autoregressive conditionally heteroscedastic; AIC, Akaike information
criterion; BIC, Bayesian information criterion; RMSFE, root mean square forecast error.

autocorrelated and indicate a GARCH (1, 1) structure to capture the conditional heteroskedasticity.
Following Bollerslev (1986), a GARCH (p,g) process is defined as follows

e(t)=v(t)y/h(2)

dib(t—i) (8)

M~

q
h(t)=co+ Y cie*(t—i)+
=1 =1
where {1(#)} is a white-noise process with variance 62 = 1; e(¢) and v(¢) are independent; h(t) can be
derived to be the conditional variance of ¢(¢); ¢; (i = 0,1,...,q) and d; (i = 1,2,...,p) are coefficients.

Compared with the AR model, the normality of residuals is satisfied in the AR-GARCH model.
However, the AR model has better forecasting performance based on the out-of-sample validation.
So we choose to use the AR model for further comparisons with other models.

3.1.7. Summary

We summarise the model structures and model estimations in Table 9 and Table 10, respectively.

Univariate model checking is presented in Table 11. Given that the first-order autocorrelation of
residuals from all the models are insignificant, parameters are significant (except for models of equity
total return and bond total return, which are required to be kept to ensure a non-zero mean return),
the model checking statistics summarised here only include residual normality checking statistics JB,
model selection measures AIC and BIC, and out-of-sample validation measure RMSFE.

3.1.8. Correlations of residuals

Table 12 shows the contemporaneous correlations of residuals in the univariate models. The results
indicate that there are significant correlations among residuals, which means that the univariate
models ignore some correlation patterns among variables. For example, the bond total return and
long-term interest rate have very significant correlation, which is reasonable as the long-term interest
rate (10-year government bond yield) affects the bond prices and hence affects the bond total return.
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Table 9. Univariate model structures.

Variable Notation Equations
Price inflation p(®) Asp(t) = apAgp(t—1)+¢€,(2)
Wage inflation w(t) Aqw(t) = €,(2)
Long-term interest I(z) Al(t) = ¢(2)
Short-term interest s(2) As(t) = asAs(t—1) +e5(2)
Equity total return e(r) e(t) = p, +x.(¢)

Xo(2) = apxo(t—1) +€,(2)
Bond total return b(t) b(t) = pp+ep(2)
Table 10. Univariate model estimations.
Variable Notation Parameter Estimation (s.e.) s.e. of residuals
Price inflation p(t) a, 0.374727** (0.153163) 1.236185
Wage inflation w(t) NA NA 1.8363
Long-term interest I(t) NA NA 0.09599
Short-term interest s(2) as -0.623615%** (0.130835) 0.247344
Equity total return e(t) He 1.133138 (3.987254) 16.90719

a, 0.315179** (0.124969)

Bond total return b(z) Hb 0.778708** (0.342895) 2.179183
**significant at the 5% level; ***significant at the 1% level.
Table 11. Univariate model checking.
Variable Parameters Jarque - Bera AIC BIC RMSFE
p(2) 1 1.884042 3.285458 3.326831 1.045017
w(t) 0 2.1609 4.053256 4.053256 2.14875
I(z) 0 0.2002 -1.84929 -1.84929 0.083716
s(2) 1 11.33603*** 0.068018 0.109813 0.529670
e(t) 2 0.392629 8.539803 8.622550 8.586427
b() 1 12.14286%** 4.418758 4.459716 0.557512

***significant at the 1% level.
AIC, Akaike information criterion; BIC, Bayesian information criterion; RMSFE, root mean square forecast error.

Table 12. Univariate model: residual correlations.

gp(t) ew(t) G[(I) es(t) ee(t) gh(t)
ep(t) 1.000000 0.478785%** 0.393876%* 0.294425* 0.202768 -0.357272%*
€.(2) 1.000000 0.123829 -0.008610 0.124896 -0.085340
€/(t) 1.000000 0.356135%* 0.281278* -0.877525%**
€4(t) 1.000000 -0.176226 -0.376814**
€,(t) 1.000000 -0.293552*
() 1.000000

Values in bold indicate significant correlations.
*significant at the 10% level; **significant at the 5% level; ***significant at the 1% level.
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Under the circumstances, multivariate models should also be investigated to take the correlations
among variables into consideration.

3.2. VAR

VAR models treat each variable symmetrically. We consider the stationary variables from Table 2
for modelling purposes. Information criterion are employed widely to determine the appropriate lag
order of VAR (see Liitkepohl, 1991). In this paper, LR (sequential modified LR test statistic), final
prediction error, AIC, BIC and Hannan—Quinn information criterion) are applied for lag-order
selections and the lag-order selection results indicate that we should choose the first-order VAR for
modelling purposes.

The first-order VAR structure is as follows

[Aap(t) ] [aw] [an a2 a3 aiw ais aig] [Aap(t=1) ]
Aqw(t) a0 ay axn a3 au axs ax | | Asw(t-1)
Al(r) aso a3y a3 a3 Az 435 dse Al(t-1)
As(t) - a0 : Ay asy as3 das dss adse | | As(t—1)
e(t) aso dsi dasy ds3 ds4 dss  dse e(t—1)

L b(r) | Lacol Laer aer ae3 aes ass agel L b(z—1)

(n1(2)7
my(t)
n3(t)
+ )
n4(t)
ns(t)
Lng(t)

where a;; (i, j = 1,2,...,6) are the coefficients and 5(z) the error term for each equation. It is crucial to
note that the error terms are correlated with each other.

The estimation results are shown in Table 13, where robust standard errors of estimations are
presented within brackets. The model checking procedures are similar with those in univariate
modelling. The results show that there are many insignificant parameters. According to Enders (2010),
unrestricted VARs are overparameterised, and may not be reliable for forecasting. In order to obtain a
more parsimonious model for forecasting purposes, we remove the insignificant coefficients and obtain a
near-VAR model, which is reestimated using seemingly unrelated regressions (SUR) (see Enders, 2010).
However, based on the model selection criterion, the near-VAR model does not perform significantly
better than the VAR model, and is hence not pursued further. So, in order to obtain a parsimonious
model with better performance, we move on to explore the cascade structure in section 3.3.

3.3. Cascade systems

Although the VAR structure considers correlations among variables, it has some drawbacks for
forecasting, such as many insignificant estimated parameters and difficulty in capturing all the
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Table 13. VAR model estimations.

aij (Aqp(t)) az; (Aqw(t)) aszj (Al(t)) a4; (As(t)) as; (e(t)) ag; (b(2))
ai (Asp(2-1)) 0.307132 0.273842 0.015114 0.032054 -1.967568 -0.304739
(0.182113) (0.257462) (0.016838) (0.035322) (2.029448) (0.485750)
ap (Aqw(t-1)) -0.086540 -0.344454%* -9.69E-05  0.030465 -0.089089 0.083602
(0.118295) (0.160943) (0.011915)  (0.033151) (1.666098) (0.298521)
a3 (Al(t-1)) -7.132896 -9.573992* 0.110966 -0.651815 57.99195 -9.901994**
(4.990835)  (5.462122)  (0.318016) (0.508224)  (62.86118) (4.499299)
ajy (As(t-1)) 0.614306 0.089378 0.025418  -0.660459***  _2.502817 -0.310936
(0.754114) (0.953897) (0.036379) (0.106937) (5.555848) (1.020139)
ajs (e(t-1)) 0.015916 0.001408 0.001204 0.001001 0.337730** -0.036729**
(0.010978) (0.015589) (0.000862) (0.001663) (0.146191) (0.014923)
ajs (b(t-1)) -0.418120%* -0.509562% 0.007031  -0.044057 1.975091 -0.487559
(0.182177) (0.255059) (0.018465) (0.024387) (2.182961) (0.307704)
ajo 0.371585 0.271429 -0.002682 0.058402 -0.886564 1.247696* *
(0.248408) (0.283334) (0.025281)  (0.037597) (3.600016) (0.502791)
s.e. of equation  1.134408 1.799378 0.099066 0.235351 17.68985 2.173171
Jarque -Bera 1.898379 1.185794 1.546107 0.588178 0.173062 0.212303
AIC 3.241111 4.163770 -1.635045 0.095532 8.734871 4.541264
BIC 3.530722 4.453382 -1.345433 0.385143 9.024483 4.830876
RMSFE 2.31451 1.65068 0.16936 0.67937 7.65652 1.64999

Values in bold indicate significant parameters.

*significant at the 10% level; **significant at the 5% level; ** *significant at the 1% level.

VAR, vector autoregression; AIC, Akaike information criterion; BIC, Bayesian information criterion; RMSFE,
root mean square forecast error.

patterns within variables. The aim of this subsection is to build a cascade system to circumvent these
problems. The definition of a cascade system is as follows.

Definition 2. Suppose there are # stationary time series {x(2)},{x2(2)},...,{x,(£)}. We assume one of the
variables x1(#) is the driving force of the others x,(#),x3(£),...x,(£). The {x,(2)} sequence is modelled as
a univariate ARMA process. The other variables are modelled with inputs as x(¢) and/or other
variables using TFM (see Definition 3). The whole structure is called a cascade system.

We introduce the definition of a TFM following Enders (2010).

Definition 3. The TFM is defined as the following equation
y(¢) = ap+A(L)y(t—1)+ C(L)x(t)+ B(L)e(t) (10)

where y(z) is the variable to be modelled; x(z) is another variable in the cascade system; {e(#)} is a white-
noise process; A(L), B(L) and C(L) are polynomials in the lag operator L. C(L) is called the transfer
function. In other words, the time path of {y(#)} is affected by the time path of {x(z)} without feedback.

Wilkie (1986, 1995) first uses the cascade structure to project economic variables of the United
Kingdom. In his papers, the price inflation rate is assumed to be the driving force of all the other
variables. The model structures are derived by examining the time series plots and applying some
economic relationships, such as the Fisher (1930) effect. Dickson (2001) reports that there have been
actuaries in other countries, who have claimed that the Wilkie model is inappropriate to their local
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conditions, and who have to produce their own stochastic economic models. Therefore, it is
significant to derive a generalised methodology, which could be used to build a cascade system for
many other countries. In this paper, we use Granger causality tests to identify the driving force. A
generalised Wilkie structure is presented based on data rather than economic theories.

Suppose there are several stationary time series to be modelled and two of them are denoted as {y,}
and {z;}. A pth order VAR model for {x(¢)} and {y(¢)} using lag operator L is

[x(t) Aqo A (L) AlZ(L)Hxl(t—n}{nx(t)}
y() Ao Ax(L) Axn(L) | [»(-1) 1y(2)

where 7,(t) and #5,(¢) are the error terms; A;y (i = 1,2) are the parameters of intercept terms;
Aj(L) = ajj+azL+---+abL?~ " (i,j = 1,2) and af‘;(k =1,2, ... p,) are the coefficients of A;(L). The
test of Granger causality is used to investigate whether the lags of one variable enter into the
equation of the other variable. With reference to Enders (2010), we define the Granger causality for a
bivariate model as follows.

(11)

Definition 4. In equation (11), {x(¢)} does not Granger cause {y(¢)} if and only if all the coefficients in
As1(L) are equal to 0, which indicates that the current and past values of {x(¢)} do not improve the
forecasting performance of {y(¢)}. If {x(#)} Granger causes {y(¢)}, we denote x(¢) — ().

In applications, a large lag order is suggested to be employed for Granger causality testing so that the
autocorrelation patterns within the series are completely incorporated. Hence, we always choose the
largest possible lag order for each pair of Granger causality test in this research. The variable, which
is not Granger caused by other variables, should be regarded as the driving force. Based on the
Chinese data, stationary variables are considered and the significant pairwise Granger causality
relationships are listed below

e(t) — Aqp(t)

e(t) — Al(2)

e(t) — b(t)

Aqp(t) — Aqu(2)

Aapl() — As()

Aqw(t) — As(t)

b(t) — Aap(t) (12)

It is crucial to note that the Granger causality does not indicate real causal relationships. For example
e(t) — b(z) should be interpreted in this way: given that b(¢) is modelled with its own lagged values,
the past and current values of e(z) still help to forecast the future values of b(#). In this case, variables
in the right-hand side of the arrow sign should not be treated as the driving force. Consequently, we
derive that the equity total return is the driving force. A univariate ARMA model should be specified
for the equity total return. It is important to note that the Granger causality tests are only used to
identify the driving force, and explicit model structures for other variables are investigated one by
one using autoregressive distributed lag (ADL) modelling techniques as introduced below. Pairwise
Granger causality testing results shown in equation (12) may not be the best models according to our
model selection criterion. So for each response variable, we test all the other variables with various
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lags as predictors under the ADL framework. In addition, we also test models suggested in other
papers, such as Wilkie (1995). Then, all the tested models are compared according to our model
selection criterion and the best structure for each variable is derived.

To identify the TFM structure for variables that are not the driving force, we transform equation (10)
to an ADL model in the following form

4 q
y(t) =ao+ Y apy(t—i)+ »_ cpx(t—i)+e(t) (13)
i=1 i=0

To estimate an ADL model, we have to begin by using the largest values of p and g. After that F-tests
and #-tests are used to identify insignificant parameters and streamline the model. At the same time,
AIC and BIC goodness-of-fit measures are applied to select the model with the best fit. Diagnostic
checking of results is performed in the same way as for univariate modelling.

3.3.1. The equity-driving system

The equity-driving cascade system is built under the assumption that the equity total return is the
driving force, which is similar with the driving force derived based on the South African data in
Thomson (1996). The equity-driving cascade structure is illustrated in Figure 7. The price inflation
and long-term interest rate are affected directly by the equity total return. The wage inflation is
linked with the price inflation. And the short-term interest rate and bond total return are affected by
the long-term interest rate.

Equity total return. This is the driving force in the cascade modelling structure, whose framework
should be the same as the univariate model, that is an AR(1) process:

e(t) = uo+x.(t)
Xe(t) = apx.(t—1) +€.(2) (14)

The estimations and model checking of results are in Table 7. The positive @, means an element of
short-term momentum.

Price inflation rate. The seasonal differenced price inflation rate is derived to be linked with two
periods lagged equity total return:

Aup(t) =y (e(t=2)—p,) +€y(2) (15)
Under the ADL framework, we have tried different models with different lag orders, however, this
model turns out to be the best one according to our model selection criterion. The seasonal differ-

enced price inflation rate is modelled as a proportion of the difference between the two periods
lagged equity total return and its long-term mean. This model indicates that if the equity total return

Equity total return

Price inflation rate Long-term interest

[Wage inflation rate} [Bond total return] [Short—term interest]

Figure 7. The structure of the equity-driving cascade system.
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Table 14. Estimations for price inflation rate.

Price inflation rate

W 0.048602*** (0.009811)
s.e. of regression 1.035656
AC1(Res) 0.063
AC1(Res?) ~0.242

Jarque - Bera 0.449769

AIC 2.932035

BIC 2.973830
RMSFE 0.892232

EEE

*significant at the 1% level.
AIC, Akaike information criterion; BIC, Bayesian information criterion; RMSFE, root mean
square forecast error.

Table 15. Estimations for wage inflation rate.

Wage inflation rate

7 0.559336*** (0.137811)
A, -0.286902* (0.147188)
s.e. of regression 1.605028
AC1(Res) -0.106
AC1(Res?) -0.057

Jarque - Bera 1.879311

AIC 3.830608

BIC 3.913354
RMSFE 1.524994

*significant at the 10% level; ** *significant at the 1% level.
VAR, vector autoregression; AIC, Akaike information criterion; BIC, Bayesian information
criterion; RMSFE, root mean square forecast error.

moves higher (lower) than its long-term mean, then the price inflation rate also tends to increase
(decrease) two periods later compared with the same period last year. This is analogous to good
(poor) economic performance (as measured by equity returns) leading to future increases (decreases)
in general prices. The estimations and diagnostic checking of results are presented in Table 14. The
Jarque-Bera normality test indicates that residuals are normally distributed. Autocorrelations of
residuals are insignificant and there is no evidence of conditional heteroscedasticity.

Wage inflation rate. The seasonal differenced wage inflation rate A4w(t) is linked with the seasonal
differenced price inflation rate A4p(t), with the assumption that the level of the price inflation rate

affects the time pace of the wage inflation rate. The model is as follows
A t) = wA t)+x,(t
aw(t) =y, Dap(t) +x,(2) (16)
X (t) = X, (t—1) +€,(2)

To interpret the model, the seasonal differenced wage inflation rate Agw(¢) is modelled by a pro-
portion y,, of the contemporaneous seasonal differenced price inflation rate Agp(#) and an AR(1)
process without the mean term. This is an intuitive result given that we expect prices and wages to be
correlated. The estimated coefficients and diagnostic checking of results are presented in Table 15.
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Table 16. Estimations for long-term interest rate.

Long-term interest rate

Wi 0.001740** (0.000714)
s.e. of regression 0.092199
AC1(Res) 0.104
AC1(Res?) 0.201

Jarque - Bera 0.663884

AIC -1.906212

BIC -1.864839
RMSFE 0.043532

**significant at the 5% level.
AIC, Akaike information criterion; BIC, Bayesian information criterion; RMSFE, root mean
square forecast error.

It is evident that the residuals are normally distributed, and there is no evidence of autocorrelations
in residuals.

Long-term interest rate. The first differenced long-term interest rate is derived to be driven by the
equity total return and is modelled as a proportion of the difference between the contemporaneous
equity total return and its long-term mean. The model is

Al(t) = yi(e(t)—pe) +e(?t) (17)

It means that if the equity total return moves higher (lower) than its long-term mean, the con-
temporaneous long-term interest rate also tends to increase (decrease) compared with last period.
This is analogous to investors factoring in an increase (decrease) in general interest rates upon good
(poor) economic performance (as measured by equity returns). This structure is also consistent with
the macroeconomic policy of the Chinese government: when the country’s equity market is at risk of
overheating, the government would increase the benchmark 1-year deposit and lending interest rates
to cool down the economy, which would further affect the long-term interest rates (see Li, 2007).
This model is similar with the model for the price inflation rate in equation (15), while the price
inflation is affected by the lagged equity total return and the long-term interest rate is affected by the
contemporaneous equity total return. The estimations and diagnostic checking of results are shown
in Table 16. We find that the residuals can be regarded as normally distributed, and there is no
evidence of autocorrelations in residuals.

Short-term interest rate. As discussed before, we test various structures including a modified short-term
interest rate model in Wilkie (1995). By applying the model selection criterion, we find that the
modified Wilkie model is the best. To build the model, we first compute the sequence {In(l(2)) - In(s(z))},
which is non-stationary based on ACF and PP unit root tests. So we first difference the sequence and
then model it as an AR(1) process in the following form

Alln(I(2))=In(s(#))] = x(2)

(18)
xs(t) = ¢sxs(t_1) +€s(t)

The estimated coefficients and diagnostic checking of results are presented in Table 17. There is
nothing unusual in the residual analysis and no conditional heteroskedasticity is observed.
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Table 17. Estimations for short-term interest rate.

Short-term interest rate

o5 -0.408022** (0.172532)
s.e. of regression 0.324585
AC1(Res) 0.037

AC1(Res?) 0.214

Jarque - Bera 0.877552

AIC 0.611551

BIC 0.653346
RMSFE 0.461455

**significant at the 5% level.
AIC, Akaike information criterion; BIC, Bayesian information criterion; RMSFE, root mean
square forecast error.

Table 18. Estimations for bond total return.

Bond total return

Hb 0.860416%** (0.090530)
Vb -20.88347*** (2.399668)

ap -0.441234** (0.187466)
Py -0.385519** (0.174393)
s.e. of regression 0.965128
AC1(Res) 0.022

AC1(Res?) 0.107

Jarque - Bera 2.843055

AIC 2.859355

BIC 3.026533
RMSFE 0.544846

**significant at the 5% level; ***significant at the 1% level.
AIC, Akaike information criterion; BIC, Bayesian information criterion; RMSFE, root mean
square forecast error.

Bond total return. The bond total return is modelled as the contemporaneous effect of the first
differenced long-term interest rate plus a second-order autoregressive component:

b(2) = up+yp Al(2) +x,(2)

xp(8) = apxp (1=1) + fxp (1=2) + €3 (2) (19)

where y;, is the long-term mean of bond total return. It is intuitive that bond returns are linked with
changes in bond yields and the long-term interest rates end up proxying for bond yields. We have
also tested models that have undifferenced or differenced long-term and/or short-term interest rates
as explanatory variables, which, however, do not perform better than equation (19), according to
our model selection criterion. The residual diagnostic checking of results in Table 18 show that the
normality assumption of residuals holds. There is no evidence of autocorrelations in residuals.

Summary. Table 19 presents the models developed based on quarterly data. The parameter
estimations of the models are summarised in Table 20. And the summarised model checking of
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Table 19. Equity-driving cascade system: model structures.

Variable Notation Equations
Equity total return e(t) e(t) = p, +x,(t)
Xe(t) = Qexe(t—1) +€c(2)
Price inflation p(t) Agp(t) = wp(e(t=2)—p,) +ey(t)
Wage inflation w(t) A4w(t) W, Asp(t) +x,(2)
X, (t) = wa(t 1)+e€u(t)
Long-term interest I(r) Al(t) = ( (t)—p,)+e(t)
Short-term interest s(#) Alln(l )) n(s(t))] = xs(2)
x5(2) = poxs(t—1) +e(2)
Bond total return b(z) b(t) = up +wp Al(2) + x5 (2)

xp(t) = apxp (t=1) +Bpxp (t=2) + e, ()

Table 20. Equity-driving cascade system: model estimations.

Variable Notation Parameter Estimation (s.e.) s.e. of residuals
Price inflation p(t) v, 0.048602*** (0.009811) 1.035656
Wage inflation w(t) Vi 0.559336*** (0.137811) 1.605028
A, -0.286902* (0.147188)
Long-term interest 1(z) W 0.001740** (0.000714) 0.092199
Short-term interest s(2) b -0.408022** (0.172532) 0.324585
Equity total return e(t) Ue 1.133138 (3.987254) 16.90719
a, 0.315179%* (0.124969)
Bond total return b(z) Hp 0.860416*** (0.090530) 0.965128
" -20.88347*** (2.399668)
ap -0.441234** (0.187466)
s ~0.385519%* (0.174393)
*significant at the 10% level; **significant at the 5% level; ***significant at the 1% level.
Table 21. Equity-driving cascade system: model checking.
Variable Parameters Jarque - Bera AIC BIC RMSFE
p(z) 1 0.449769 2.932035 2.973830 0.892232
w(t) 2 1.879311 3.830608 3.913354 1.524994
I(z) 1 0.663884 -1.906212 -1.864839 0.043532
s(t) 1 0.877552 0.611551 0.653346 0.461455
e(t) 2 0.392629 8.539803 8.622550 8.586427
b(t) 4 2.843055 2.859355 3.026533 0.544846

AIC, Akaike information criterion; BIC, Bayesian information criterion; RMSFE, root mean square forecast error.

results are in Table 21. We can observe that the standard error of the residuals and RMSFE for
equity total return model is much higher than others. The reason is owing to the much higher
volatility of equity total returns as shown in Figure 5.

Correlations of residuals. The correlations of residuals are helpful to check whether the correlations
of variables have been well captured. The results shown in Table 22 indicate that there are no
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Table 22. Equity-driving cascade system: residual correlations.

€p(t) €,(t) ellt) €s(t) €(t) ep(t)
elt) 1.000000 0.111144 0.253789 -0.201402 0.202259 ~0.226751
€ult) 1.000000 ~0.086056 ~0.009897 0.069919 0.127853
el) 1.000000 ~0.186855 -0.024016 0.095587
e(t) 1.000000 0.292688* 0.304796*
elt) 1.000000 0.020773
elt) 1.000000

Values in bold indicate significant correlations.
*significant at the 10% level.

Price inflation rate

Equity total return
Long-term interest

Wage inflation rate

[ Bond total return ] [ Short-term interest ]

Figure 8. The structure of the price-inflation-driving cascade system.

contemporaneous correlations among residuals at the significance level of 5%. We have also tried to
model bond total return with both first differenced short-term interest rates and first differenced
long-term interest rates. In this case, although the significant correlation at 10% level between bond
total return and short-term interest rate disappear, the model performs worse according to our model
selection criterion (which prefer a more parsimonious model).

3.3.2. The price-inflation-driving system

The Wilkie (1986, 1995) model has been widely accepted and discussed in developed countries.
Although the driving force variable has been identified as the equity total return for the Chinese data
at the beginning of section 3.3, the Wilkie-type structure is still employed for comparison purposes.
Some variables used in this paper are different from those in the Wilkie model. For example, the
equity total return and bond total return are not considered in the Wilkie structure. Instead, Wilkie
models the equity dividend and dividend yield. In this circumstances, the Wilkie-type frameworks are
modified where necessary.

The cascade structure of the price-inflation-driving system (Wilkie-type model) is illustrated in Figure 8. It
shows that if we assume the price inflation to be the driving force, the equity total return is not related with
any other variable. The price inflation model is the same as the univariate model. And the wage inflation,
short-term interest rate and bond total return are the same as those in the equity-driving cascade system.
Therefore, the model of long-term interest rates is the only one that is different from previous models.

Long-term interest rate. The Wilkie model for long-term interest rate models the effective rate of

return rather than CC rate of return. So here we also use the effective long-term interest rate I(¢) for
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Table 23. Estimations for long-term interest rate.

Long-term interest rate

Vi 0.7

a, 0.517432*** (0.124511)
s.e. of regression 0.958696
AC1(Res) 0.011

AC1(Res?) 0.049

Jarque - Bera 2.067663

AIC 2.779478

BIC 2.822572
RMSFE 0.861618

***significant at the 1% level.
AIC, Akaike information criterion; BIC, Bayesian information criterion; RMSFE, root mean
square forecast error.

modelling purposes. We introduce a modified version of the long-term interest rate model in
Wilkie (1995):

1(t) = yic1(t) + prexp(x,(2))
a(t)=wip(t)+(1—y)e(t-1)
x)(t) = apx(t=1) + Brec(t) + € (2) (20)

where the effective long-term interest rate (z) is linked with the price inflation rate. In equation (20),
¢/(t) is an exponentially weighted moving average of the price inflation, which represents the unit gain
from the price inflation. x/(2) is a first-order autoregressive process and ¢, (¢) the error term from the
equity total return model”. With y; = 1, the model fully takes the “Fisher effect'” into consideration. So
for simplicity, y; is set to be 1. However, when applying the framework to the Chinese data, we find
that I(t)—¢;(t) contains many negative values owing to the high inflation rate, which is not suitable for
further modelling. In this case, we modify equation (20) and derive the following form

1(t) = ¢ () +x(t)
a(t) = wipi () + (1=y)c (1-1)

A4x1(t) = alA4xl(t71)+el(t) (21)
where the long-term interest rate consists of the price inflation effect ¢(#) and the real interest com-
ponent x(¢). We set y; to be 0.7, so that the mean of the real term is around 0.2%, which is the
expected real long-term interest rate over the entire estimation period. The seasonal unit root test
indicates that x,(¢) contains one seasonal unit root. So we remove the seasonal unit root and model

Ayx/(2) as a first-order autoregressive process. We also find that the error term of equity total return has
no effect on the long-term interest rate, so €,(t) is excluded in equation (21).

The estimations for the long-term interest model are shown in Table 23. For the residuals, there is no
evidence of autocorrelation and the assumption of normality holds.

7 Wilkie (1995) uses the error term from the equity dividend yield model, which is not available in this
research. So we replace it with the error term from the equity total return model to take the equity innovations
into consideration.
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4. Model selection

In this section, JB statistic, AIC, BIC and RMSFE are used for model selection among univariate
models, VAR, equity-driving and price-inflation-driving cascade systems for each variable. We indicate
the significance levels of JB statistic of residuals by ***, ** and * and insignificant JB values mean that
the normality assumptions hold. Values of AIC, BIC and RMSFE in bold are the best according to the
selection criteria. For the long-term interest rate model in the price-inflation-driving cascade system and
the short-term interest rate model in the equity-driving cascade system, the values of AIC and BIC are
not suitable for comparisons with other models, as the sequences for modelling are not the same.
So “NA” will be used for the values of AIC and BIC for those models in the model selection tables.

« Price inflation rate (Table 24).

Table 24. Model selection: price inflation rate.

Model Parameters Jarque - Bera AIC BIC RMSFE
Univariate/price-driving 1 1.884042 3.285458 3.326831 1.045017
VAR 7 1.898379 3.241111 3.530722 2.31451

Equity-driving 1 0.449769 2.932035 2.973830 0.892232

Values of AIC, BIC and RMSFE in bold are the best according to the model selection criteria.
VAR, vector autoregression; AIC, Akaike information criterion; BIC, Bayesian information criterion; RMSFE,
root mean square forecast error.

o Wage inflation rate (Table 25).

Table 25. Model selection: wage inflation rate.

Model Parameters Jarque - Bera AIC BIC RMSFE
Univariate 0 2.1609 4.053256 4.053256 2.14875
VAR 7 1.185794 4.163770 4.453382 1.65068
Equity/price-driving 2 1.879311 3.830608 3.913354 1.524994

Values of AIC, BIC and RMSFE in bold are the best according to the model selection criteria.
VAR, vector autoregression; AIC, Akaike information criterion; BIC, Bayesian information criterion; RMSFE,
root mean square forecast error.

« Long-term interest rate (Table 26).

Table 26. Model selection: long-term interest rate.

Model Parameters Jarque - Bera AIC BIC RMSFE
Univariate 0 0.2002 -1.84929 -1.84929 0.083716
VAR 7 1.546107 -1.635045 -1.345433 0.16936

Equity-driving 1 0.663884 -1.906212 -1.864839 0.043532
Price-driving 2 2.067663 NA NA 0.861618

Values of AIC, BIC and RMSFE in bold are the best according to the model selection criteria.
VAR, vector autoregression; AIC, Akaike information criterion; BIC, Bayesian information criterion; RMSFE,
root mean square forecast error.
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« Short-term interest rate (Table 27).

Table 27. Model selection: short-term interest rate.

Model Parameters Jarque - Bera AIC BIC RMSFE
Univariate 1 11.33603%** 0.068018 0.109813 0.529670
VAR 7 0.588178 0.095532 0.385143 0.67937

Equity/price-driving 1 0.877552 NA NA 0.461455

Values of AIC, BIC and RMSFE in bold are the best according to the model selection criteria.

***significant at the 1% level.

VAR, vector autoregression; AIC, Akaike information criterion; BIC, Bayesian information criterion; RMSFE,
root mean square forecast error.

« Equity total return (Table 28).

Table 28. Model selection: equity total return.

Model Parameters Jarque - Bera AIC BIC RMSFE
Univariate = 2 0.392629 8.539803 8.622550 8.586427
Equity/price-driving

VAR 7 0.173062 8.734871 9.024483 7.65652

Values of AIC, BIC and RMSFE in bold are the best according to the model selection criteria.
VAR, vector autoregression; AIC, Akaike information criterion; BIC, Bayesian information criterion; RMSFE,
root mean square forecast error.

« Bond total return (Table 29).

Table 29. Model selection: bond total return.

Model Parameters JB AIC BIC RMSFE
Univariate 1 12.14286%** 4.418758 4.459716 0.557512
VAR 7 0.212303 4.541264 4.830876 1.64999

Equity/price-driving 4 2.843055 2.859355 3.026533 0.544846

Values of AIC, BIC and RMSFE in bold are the best according to the model selection criteria.

***gignificant at the 1% level.

VAR, vector autoregression; AIC, Akaike information criterion; BIC, Bayesian information criterion; RMSFE,
root mean square forecast error.

It is evident that the equity-driving cascade system is the best model to use based on the Chinese data.
In addition, all the residuals in the equity-driving cascade system can be regarded as normally
distributed without correlation patterns.

5. Model forecasting

Monte Carlo simulation methods can be employed to forecast all the economic variables into the
future. For example, Wilkie (19935) presents simulation results based on 1,000 simulations. In order
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to make a forecast, we need to set initial conditions before the simulation process. Since the initial
values will dominate the projected series, they should be determined carefully. One possibility is to
use the actual values at the time just before the projected period. For example, to make a 1-year
forecasting of 2013, we could set the actual values at the fourth quarter of 2012 as the initial conditions.
This method is appropriate for short-term forecasting, as the actual values just before the projected
period will significantly affect the projected values. Alternatively, we could set the means of the entire
historical period or a specified historical period as the initial conditions. For example, to make a 5-year
forecasting from 2013 to 2017, we could use the means of the entire historical period from the second
quarter of 2002 to the fourth quarter of 2012 as the initial conditions. This method is suitable for
medium or long-term forecasting, as we set the medium or long-term means as the initial conditions to
avoid the dominance of any specific values. In all, setting initial conditions for model forecasting
depends on the objectives of users.

6. Conclusion

In this paper, we have built three different types of stochastic economic models for actuarial use
based on the Chinese data. Univariate ARIMA models do not take the correlations among variables
into consideration. The VAR model considers all the variables symmetrically, however, it contains
many insignificant estimated parameters and ignores some patterns in variables. As for the cascade
system, we use Granger causality tests to identify the driving force variable, which is the equity total
return based on the Chinese data. After that, TFM for other variables are formulated with the help of
econometric techniques. Given that the Wilkie (1986, 1995) model is widely accepted and applied,
we have also employed the Wilkie-type structure for comparison purposes. Finally, we use JB, AIC,
BIC and RMSFE values to compare different models for each variable. The results show that the
equity-driving cascade system performs best among all the candidate structures. In addition, the
assumption of normality for residuals holds and there is no evidence of correlation patterns.

Although the proposed models could be used for short-term asset and liability projections of pen-
sions or life insurance portfolios, they have limitations and should be used with caution. For
example, the models are data driven and do not incorporate information in the expected yield curves.
This means that they are not suitable to model market-consistent valuation of liabilities, which could
be solved by employing stochastic equilibrium models (see Thomson & Gott, 2009).

For future research, it is important to explore how to build a long-term forecasting model with limited
data, which is the case for China and also many other developing countries. Further, we may explore
whether these stochastic economic models are consistent with broadly accepted economic theories, such
as the market-efficient theory or portfolio theory (see Huber, 1997). In addition, we could investigate
other modelling structures, such as non-linear models and non-parametric models (see Rosenberg &
Young, 1999; Chan et al., 2004). When there is enough data, we could also try regime-switching
methods, as discussed in Hardy (2001) and Harris (1999). One of the assumptions in this research is
that we do not allow for any interlinking between Chinese and international markets, which could be
problematic especially for a country as substantial as China. Hence, it would be of interest if we could
model Chinese economy within an international context in the long-term future.
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