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Abstract

The forecasting ability of the macroeconomic factors upon South African commercial
property return is investigated in this research. Such research is still very novel in South
Africa and only Brooks and Tsolacos (2003) has recently investigated this relationship with
several European markets. In this research, both direct property returns (IPD) and indirect
property returns (J255 and J256) are investigated. The macroeconomic factors that are
identified to have some influence on commercial property return are term structure, gilt-
equity ratio, employment index, building plan passed and changing inflation rate (CPIX
index). Four different types of models were investigated, namely the univariant ARMA
model, the univariant GARCH model, the VAR model and the MLP neural network model.
The optimal model for each type is identified using AICc and BIC information criterion
techniques. The optimal models are then used in long-term forecasting and short-term
forecasting. The ARMA model and the neural network were identified to best predict indirect
and direct property returns, respectively.
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Foreword

This is a research report presented for the degree of Master of Science in Building, by
coursework and research, at the University of the Witwatersrand, Johannesburg, South
Africa.

The research report is titled “Forecasting return of commercial property in South Africa using
macroeconomic factors”, which investigates the relationship between commercial property
return in South Africa and various macroeconomic variables.

The research commences with a literature survey, identifying the macroeconomic variables
that have influence on commercial property return and the models that are previously used in
predicting property return. The degree of relationship between each macroeconomic variable
and property return is calculated and those that are strongly related are used for forecasting.
The forecasting models are optimised and the performances of the models in predicting retail,
office and industrial property return are compared.

The research report is presented in the format of a thesis that contains the essential analysis
and results of the research. The appendices, which are digitised in EXCEL and WORD
formats, and the rest of the information associated with this research can be found in the
associated CD.

The first appendix (Appendix A) contains tables of input and output data, which are the
investigated macroeconomic factors and the property return, used in the research.

The second appendix (Appendix B) contains graphs of all the macroeconomic factors, the
indirect and direct property returns and their deviations and the correlograms of the indirect
and direct property returns and their deviations.

The third appendix (Appendix C) contains the result from the Granger causality analysis
where the degree of relationship between each macroeconomic variable and property return
are tabulated.

The fourth appendix (Appendix D) contains a background on the Matlab software and the
development of the models investigated in this research.

The fifth appendix (Appendix E) contains the result of the optimisation process for each type
of model investigated in this research.

The sixth appendix (Appendix F) contains graphs from the impulse analysis of the optimal
models for long-term predictions.

The seventh appendix (Appendix G) contains the schedule of the M-file developed in this
research.
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1 Introduction

It is an established theory that the performance of various investment markets, such as
that of stocks, commodities and bonds, is related to the macroeconomic environment and
its components. When investigating the macroeconomic environment of an economy, the
focus tends to be placed on aggregate demand and supply (Ball et al., 1998: 159-161).
Aggregate demand is usually defined by the total expenditure flowing through the
economy, which is the sum of the total consumption expenditure in the economy, total
investment, government expenditure and net export (Ball et al., 1998: 159-161). The
investment in property is considered as either government expenditure, if the properties
are invested for the use and operation of government, or is considered to be part of the
total investment through the private sector. Thus one can assume that there is an expected
relationship between the property market and the macroeconomy. As discussed in Ball et
al. (1998: 220), it is essential for investors and portfolio managers to forecast property
return as it provides a prediction of the expected target return, which consequently assists
in making accurate investment decisions. This research presents models that determine
the effect on the return of commercial property arising from changes in the
macroeconomic environment on the South African property market.

1.1 Problem Statement

This research is based on the observation that there is a relationship between various
macroeconomic factors and the return of commercial property markets. Such relationship
is investigated extensively in developed markets such as in the USA, UK, Singapore and
Australia. However, in South Africa where the market is not as well developed as those
of the US and the UK, this relationship has received little attention. Therefore, this
research is largely concerned with the relationship between property returns and expected
returns in the property sector.

1.2 Research Hypothesis and Objective

This research hypothesis is concerned with the return of commercial property
investments in South Africa, which can be forecasted using advanced time-series
modelling techniques and macroeconomic factors. In considering this research hypothesis,
three main research objectives are addressed. The first objective is to identify the
macroeconomic factors that affect the return of commercial property in South Africa. The
second is to identify various types of time-based models used previously in forecasting
the property sector and using them to predict property return. The third is to compare the
predictive ability of models from which an optimal predictive model is identified.

1.3 Scope of Research

The scope of the research is limited to the South African property market and its
macroeconomy. Furthermore, the research is focused on the returns of South African
commercial and industrial properties only. This is based on the view that commercial



properties are more directly related to the variation of macroeconomic factors than, for
instance, the residential sector. The research is also focused on existing models used for
forecasting such relationships and thus little consideration is given to other predictive
models.

1.4 Research methodology

The quantitative research methodology adopted by this research project also determines
the sequence of chapters of the thesis. It is divided according to the following sections:

1.

»

Nowm

Literature reviews made in this field of research

Evaluation of the characteristic of the commercial property return investigated
and the various macroeconomic factors considered

Discussion of the implementation of the models in the simulation software
Evaluation of the relationships between commercial property return and various
macroeconomic factors

Identification of the optimal parameters for each type of models investigated
Evaluation of the performance the models used in the research

Conclusion to findings



2 Literature Review

The relevant literature is evaluated and divided based on three essential criteria, namely
the macroeconomic input variables of the proposed model, the type of return that the
model predicts, and the type of model used for prediction.

The review focused on several significant international research studies, namely the
works of McCue and Kling (1994), Brook and Tsolacos and West and Worthington
(2004), as well as existing local studies that are somewhat related to the field investigated
in this research. Ball et. al (1998: 245) highlighted that it is very difficult to predict yield
or return since this factor is relatively stable in established market. Return is determined
by the sum of the risk free rate and the risk premium of the investment. There are two
different approaches in predicting return, namely regression methods and the cash flow
method. Since the focus in this research is on macroeconomic scale, only regressive
methods are investigated.

2.1 Macroeconomic factors

McCue and Kling (1994) conducted some of the earliest significant research on the
subject. Their research is focused around the effect of prices, short-term nominal interest
rate, economic output, and investment as the macroeconomic factors. They concluded
that there is a strong relationship between short-term nominal interest rate and property
returns and a weak relationship between economic output and property returns. Prior to
this work, they had also researched the macroeconomic factors affecting office
investment (McCue and Kling, 1987). The research found that nominal interest rate
significantly affects the volume of office construction, which coincides with their 1994
findings.

Ling and Naranjo (1997) and (1998) are two other research studies that investigate the
macroeconomic factors that affect the risk premium of property. Ling and Naranjo (1997)
identified the growth rate in real per capita consumption, the real Long bond rate (T-bill
rate), which reflects the real short term interest rate calculated by deducting the inflation
rate (measured by consumer price index) from the 3-month bond rate (Ling and Naranjo,
1998), the term structure of interest rates, and the unexpected inflation rate; which is the
difference between the actual inflation value (defined by the consumer price index) and
the expected inflation rate (predicted using the Box-Jenkins process) as influencing
factors.

In their later work, Ling and Naranjo (1998) included the stock market performance,
which is quantified using the excess return of a value-weight portfolio of stocks trading
on the New York Stock Exchange (NYSE), the American Stock Exchange (AMEX) and
the NASDAQ. The research identified that growth rate in real per capita consumption is a
significant factor for all types of return. Furthermore, the change in real short-term
interest rate and interest rate term structure are negatively correlated with property returns.
The interest rate term structure in this research is defined as the difference between the
average annualised yield of the 10-year Long bond (Treasury bond) and the 3-month



bond (Treasury bill). Returns were found to be most sensitive towards the changes in real
short-term interest rate and unexpected inflation.

Brook and Tsolacos (1999), (2001), (2001a) and (2003) have extensively researched the
impact of the macroeconomy on the property market in the United Kingdom. They have
published three research papers on the topic. The earliest work was Brook and Tsolacos
(1999) where the investigated economic factors were previous property return as a
dependant variable, the rate of unemployment, nominal short-term interest rates, term
spread (term structure) of interest rate, unanticipated inflation and dividend yield as the
independent variable. Their analysis identified that there are strong relationships between
the unexpected inflation and term structure of interest rate and the property return in the
UK.

Term structure of interest rate is defined as the difference between the yields on long-
term bonds and short-term bonds (Brook and Tsolacos, 2003). The term structure is said
to determine the future expectation of the interest rate and the economic condition as
mentioned in Brook and Tsolacos (2001). As discussed in Investopedia (2009), the term
structure is generally positive under normal economic conditions. When the value is close
to zero, the short-term rate is high and the long-term rate is low and is an indication that
the market is sending mixed signals. In the situation where the term structure value is
negative, the long-term rate is lower than the short-term rate and thus the future interest
rate is expected to decline. Brook and Tsolacos (2001) also cited the fact that the short-
term bond rate determines the rate of inflation of the economy while the long-term bond
rate reflects future economic growth, activities and probably inflationary tendencies,
factors that affect both short-term and long-term investment in the economy.

Unanticipated inflation is defined as the difference between the realized inflation rate and
an estimated series of expected inflation (Brook and Tsolacos, 1999). Unexpected
inflation is obtained by fitting an (ARIMA) model to the inflation data with a one period
lag and extracting the mean from the model, which is the resultant expected inflation.

In the research by Brook and Tsolacos (Brook and Tsolacos, 2001 and 2001a), the
number of macroeconomic factors (independent variables) were narrowed down to two.
In Brook and Tsolacos (2001), the term structure of interest rate and gilt equity yield ratio,
along with the indirect property index (dependant variable), were selected for the analysis,
while in Brook and Tsolacos (2001a), the effect of both short-term and long-term interest
rates and the term spread of interest rate on property returns were examined. The term
spread of interest rate is the difference between the long-term interest rate and the short-
term interest rate.

Gilt-equity yield ratio, according to Brook and Tsolacos (2003), is the ratio of the income
yield of long-term government bond to the dividend yield on equities. When the dividend
yield is low, the ratio is high. In such a situation, equity becomes more expensive than
bond. Conversely, the ratio is low when the dividend yield is high. In both cases, the
income yield of the bond will have to be adjusted so that equilibrium state is reached.



Other macroeconomic factors previously investigated, such as the rate of unemployment,
nominal short-term interest rate and inflation, were not investigated in this research
because those factors were considered to have inferior predictive power in Brook and
Tsolacos (2001).

Brook and Tsolacos (2001) conclude that the term-spread of interest rate and the gilt-
equity yield ratio can improve the accuracy of short-term property return prediction. In
the work of Brook and Tsolacos (2001a), it was found that the term spread of interest rate
is co-integrated with property return but both the term spread and the short-term interest
have relatively small significance on the variation of property return.

Brooks and Tsolacos (2003) once again investigated the relationship between the gilt-
equity yield ratio and the term structure of interest rates and their impact on property
returns. However, they had also introduced the dividend yield of the property index as an
additional macroeconomic factor. Dividend yield was introduced in the research as it
reflects the future growth, profitability and dividend of the investment.

The economic factors researched in all of the above works by Brook and Tsolacos was
derived from the significant work of Qi and Maddala (1999). Qi and Maddala (1999)
identified that there is a non-linear relationships between various economic factors and
stock market return and conversely a non-linear relationship between excess stock market
return and certain economic factors. The economic factors were dividend yield, short
term interest rate, variations in short-term interest rate, growth rate of industrial
production, inflation rate and money growth rate. The growth rate of industrial
production was calculated based on the logarithmic differences of the 12-month average
of the industrial production index between two successive periods. The inflation rate was
also calculated based on the logarithmic differences of the annual average of producer
price index on finished goods between two successive periods.

One of the most recent research studies on the topic is West and Worthington (2004).
They employed previous general market return as dependant variable and interest rate
and inflations as independent variables. Furthermore, they introduced construction
activities, industrial production and employment index into their model, which were
factors previously examine by McCue and Kling (1994) and Brook and Tsolacos (1999).

They calculated the inflation rate based on the Consumer Price Index (CPI) in the
housing sector. Unexpected as well as expected inflation is calculated using the Box-
Jenkin ARIMA model where the trend extracted from the model represents the expected
inflation and the error movement remaining represents the unexpected inflation. The level
of construction activity, which indicates the level of supply in the market, is represented
by the number of building plans approved for non-residential buildings; while the indices
for manufacturing, which indicate the level of demand in the market, represent the level
of industrial production. Lastly, the employment index is used to represent the level of
growth in various industries. The result of the research indicated that inflation, industrial
production, employment index and interest rate are all significant factors affecting
commercial property return.



Several research studies were published focusing on specific factors, such as stock
market performance, employment growth rate and inflation, affecting the property return
and market performance. Lizieri and Satchell (1997) investigated the relationship
between property market return and stock market performance and found that lagging
equity return affected the property market return. Liang and McIntosh (1998) investigated
the relationship between employment growth rate and property return. The employment
growth rate data gathered for this research was from 46 different metropolitan areas
across the US. They have found that the relationship is positively correlated and is
significant only for short-term property return.

The research on the relationship between inflation and property return has been the most
focused topic in this field and is the most conflicted. Chan et al. (1990), Stevenson and
Murray (1999), Onder (2000) and almost all of the findings in Liu et al. (1997) (except
for French index for short-term return) found that such relationship is negative correlated.
While Hartzell et al. (1987), Hoesli (1997), Bond and Seiler (1998) and Quan and Titman
(1999), found that for a long-term investment, such a relationship is positively correlated.
Liu et al. (1997) and Hoesli (1997) argued that the cause of such discrepancy is due to the
fact that some of the investigated indirect property returns, which are indexes from REITs
and various other listed property stocks and trusts, behave more like stocks than an
individual property asset. The work from Onder (2000) contradicts such finding as the
property return data used was direct house prices from various metropolitan areas in
Turkey, an economy with highly volatile inflation.

The following is a summary of other related research that has bearing on this work:

1. Chan et al. (1990) investigated the effects of changes in risk and term structure of
interest rate, unexpected inflation and the discount on closed-end stock funds on
the return of some REITs. The research identified that REIT return is negatively
correlated to unexpected inflation.

2. Karolyi and Sanders (1998) employed the weight-index of NYSE, Amex and
NASDAQ, the risk premium of high-yield corporate bonds, the term spread of
interest rate and unexpected inflation rate as the examining economic factors. The
research identified that the risk premium of high-yield corporate bonds and the
stock market have little influence on the return of the property index.

3. Further to the investigation of the relationship between inflation and residential
property return, Bond and Seiler (1998) evaluated other variables that are also
positively correlated to the return, namely the ratio of household to the total
population, the real disposable income and its rate, GDP level and its growth rate.

4. Liow (2004) identified that there is a link between office and retail excessive
return and five macroeconomic factors, namely growth rate of GDP, growth rate
of industrial production output, unexpected inflation, short-term interest rate and
market portfolio.

5. In Ball et al. (1998), the only related research study identified is the work from
Hetherington (1988). The research proposed a model that predicts initial yield
based on the yield of long-dated gilt (long term bond rate), which relates to the



risk free rate, and the average investment in property and bank lending rate, which
relates to the risk premium.

The research of the affecting factors on property return is summarised in the table below.

Research

Macroeconomic factors

McCue and Kling (1994)

short-term nominal interest rate, property price, economic output,
level of investment

Ling and Naranjo (1997) and (1998)

growth rate in real per capita consumption, the real Long bond rate,
term structure of interest rates, unexpected and expected interest
rate, stock market performance,

Brook and Tsolacos (1999)

previous property return, rate of unemployment, nominal short-term
interest rates, term spread of interest rate, unanticipated inflation
and dividend yield

Brook and Tsolacos (2001)

the term structure of interest rate, gilt equity yield ratio, indirect
property index, rate of unemployment, nominal short-term interest
rate, inflation

Brook and Tsolacos (2001a)

short-term interest rate, long-term interest rates, the term spread of
interest rate

Brook and Tsolacos (2003)

gilt-equity yield ratio, term structure of interest rates, dividend yield of
the property index

Qi and Maddala (1999)

dividend yield, short term interest rate, variations in short-term
interest rate, growth rate of industrial production, inflation rate and
money growth rate

West and Worthington (2004)

previous property return, interest rate, inflations, construction
activities, industrial production and employment index

Lizieri and Satchell (1997)

equity return

Liang and Mclintosh (1998)

employment growth rate

Stevenson and Murray (1999), Onder (2000),
Liu et al. (1997), Hartzell et al. (1987), Hoesli
(1997) and Quan and Titman (1999)

Inflation

Chan et al. (1990)

changes in risk and term structure of interest rate, unexpected
interest rate and the discount on closed-end stock funds

Karolyi and Sanders (1998)

stock market index, the risk premium of high-yield corporate bond,
the term spread of interest rate and unexpected inflation

Bond and Seiler (1998)

inflation, ratio of household to the total population, the real
disposable income and real disposable income rate, GDP level and
GDP growth rate

Liow (2004)

growth rate of GDP, growth rate of industrial production output,
unexpected inflation, short-term interest rate and market portfolio

Hetherington (1998)

long term bond rate, level of property investment and bank lending

Table 1.1: Summary of factors influencing property return in previous research




The most investigated macroeconomic factors are inflation, interest rate (in particular
term structure of interest rate) and general macroeconomic data such as GDP, production
level and employment rate. In some research, the performance of the stock market is also
considered.

2.2 Predicted returns

There are two different types of property return investigated, namely direct and indirect
property returns. Direct property return reflects returns from direct investment in
properties, i.e. directly held property investment. While indirect property return refers to
returns from indirect property investment, i.e. purchasing listed stocks of companies and
trusts that own and invest in properties.

Bond and Seiler (1998), Liang and MclIntosh (1998), Quan and Titman (1999), Stevenson
and Murray (1999), Onder (2000), Liow (2000) and Liow (2004), researched the effect
on direct property returns. The data has been sourced from US (in Liang and Mclntosh,
1998, and Bond and Seiler, 1998), Singapore (in Liow, 2000 and 2004) and Turkey (in
Onder, 2000).

The returns are generally related to certain geographical locations or types of property.
For example, Bond and Seiler (1998), Liang and McIntosh (1998) and Onder (2000)
researched on property returns in specific suburbs; Onder (2000) utilised only residential
properties return and Liow (2004) utilised office, retail and industrial property returns.

Chan et al. (1990), Liu and Mei (1992), McCue and Kling (1994), Liu et al. (1997),
Hoesli (1997), Karolyi and Sander (1998), Brook and Tsolacos (1999; 2003) researched
the effect on indirect property returns. Many of the works are based on the US REITs
index, such as Chan et al. (1990), Liu and Mei (1992), McCue and Kling (1994) and
Karolyi and Sander (1998). The other data are derived from the Swiss real estate mutual
fund (Hoesli, 1997), FTSE Property Total return index (Brook and Tsolacos, 1999) and
property stock index from London, Amsterdam, Brussel, Paris and Milan exchange
(Brook and Tsolacos, 2003).

Ling and Naranjo (1998) was one of the earliest works to investigate both indirect and
direct property returns. The indirect property return data was calculated from REIT and
returns from listed construction, property management, hospitality and other property-
related companies. The direct property return data was the appraised-based return
obtained from the National Council of Real Estate Investment Fiduciaries (NCREIF),
which is an organisation based in America that collects direct property investment data,
and return calculated from the capitalisation rate of an insurance company property
portfolio. The authors divided the return data into geographical, regional and property
type categories. The author then deduced the short-term interest rate from the return data
to obtain the risk premium data.



Brook and Tsolacos (2001) and (2001a) used UK property index for indirect property
return, which consisted of a market value-weighted index based on the top 26 property
stocks traded in London Stock Exchange, and were the first research to use IPD (UK)
property return data for direct property return.

West and Worthington (2004) commented that both types of returns should be
investigated and compared. For direct return, they used the direct commercial property
indices from Australia Property Council, which is an appraisal based accumulated indices
that measures total returns of 70% of commercial properties held by institutions in
Australia. For indirect return, they derived the return from the Australian Stock Exchange
Listed Property Trust (ASX/LPT) 300 Index, which is derived based on logarithmic
changes between two consecutive indices.

The research of the type of returns investigated is summarised in the table below:

Type of return Research
Chan et al. (1990), Liu and Mei (1992), McCue and Kling (1994), Liu et
Indirect al. (1997), Hoesli (1997), Karolyi and Sander (1998), Brook and

Tsolacos (1999; 2003)

Bond and Seiler (1998), Liang and Mcintosh (1998), Quan and Titman
Direct (1999), Stevenson and Murray (1999), Onder (2000), Liow (2000;
2004)

Ling and Naranjo (1998), Brook and Tsolacos (2001; 2001a), West

Both indirect and direct and Worthington (2004)

Table 1.2: Summary of the type of returns investigated in previous research

Having reviewed the previous research, most use only one type of return. Only a few in
recent times compare the performance of both type of return. The research here moves on
with a discussion of the types of models used in forecasting the property return.

2.3 Models

The research is focused around four types of models, namely the Vector Autoregression
(VAR) model, the Autoregressive Moving Average (ARMA) model, the General
Autoregressive Conditional Heteroskedasticity (GARCH) model and the neural network
model. In this section, the theories behind these types of models as well as other types of
models and their application in the field of commercial property return are discussed.
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2.3.1 Autoregressive moving average (ARMA)

This is regarded as one of the most useful and widely-used time-series models. The
output of the model is dependent on the previous output (known as the dependent
variables) and the previous value of other variables (known as independent variables).
The model is a combination of two separate models, namely the autoregressive (AR)
model and the moving average (MA) model as defined in Chatfield (2001: 59-64).

The AR(R) model is defined by the following equation:

X, =aX,_ +ta,X, ,...4+a, X, j,,ta, X, +Z, (1)
Where:
X, the value of the variable X at time 7 (predicting variable)

X.;  the value of the variable X at time -/ (predictor variable)
X.r the value of the variable X at time #-R

a; the degree of influence of X,.; on X,

ag the degree of influence of X, on X;

Z variable of random process determining the error term of the equation

R the degree of lags, which determines the number of previous X values that

influence the current X value

The MA(M) model is defined by the following equation:

X,=bZ,+bZ, ,...+b, Z . +b,Z 2)
Where:
X, the value of the variable X at time 7 (predicting variable)
Z, variable of random process at time ¢ (predictor variable)
by the degree of influence of Z; on X;

Z.y  variable of random process at time t-M

bu the degree of influence of Z,, on X;

Z, variable of random process at time ¢

M the degree of lags, which determines the number of Z values that influence the
current X value

The two equations above for both of the models assume that the mean is zero. If the mean
is not zero, it will be of the following form:

X, —-m=a/(X,_,—-m+a,(X,,-m)...+a, (X, _z,,—m)+ta,(X, ,—-m)+Z, (3.1)

X, =m+bZ +bZ _,..+b, Z ,. +b,Z _, (3.2)
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In both of the equations, the mean is deduced from the predicting variable series X so that
the actual fluctuation caused by the predictor is investigated. It must be noted that the
mean (/) must be a constant.

The combination of the equations of the two models is the following:
X, —m=a/(X,_,—-m+a,(X,,-m)...+a, (X, _z,,—m)+ta,(X, ,—m) 4)
+Z,+bZ,_,..+b, Z, .. tb,Z,_,

The notation of the above equation is ARMA(R,M) where the variable R and M
determine the lags of each model. The degree of lags R and M is calculated using
selection techniques to be covered in later section. After identifying the degree of lags,
the parameters are then calculated. Prior the calculation of the parameter, the above
equation should be converted in terms of Z,, which is as follows:

Z=X-m—-a,(X,_,—-m—-a,(X,,—m)...—ap (X, p,,—m)—a (X, ,—m) (5)
=bZ_..=by Z y—byZ _y

Chatfield (2001: 64-65) define the following iterative procedure for calculating the
parameters ay, ay, ..., ag, by, ..., by

1. Estimate a suitable value for all of the parameters

2. Calculate the value of Z; using the above equation for all of the values of X; in the
series. Take the previous value of Z in place of Z,.; and so on. For the initial
values in the series, assume the previous value as zero. For example, if one is
calculating Z; and only has the value of X;, then assume all of the previous values

of X and Z to be zero.
3. Calculate the residual sum of square for Z;, using an equation similar to the one
below:
2.2
RSS, = (6)
n
Where:

n = number of samples in the series

4. Repeat step 2 and 3 by adjusting the values of the parameters accordingly so that
the residual sum of square for Z; reaches a satisfying level close to zero, usually a
predefined significant level.
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Such iterative procedures are usually performed using multivariable optimisation
techniques by means of a computer.

The use of this technique to examine the relationships between current property return
and previous property return was introduced in Brook and Tsolacos (2001) and used
again in Brook and Tsolacos (2003).

A variation of this type of time series model is the autoregressive integrated moving
average (ARIMA) model. This type of model is widely used in many econometric
problems where the investigated data is non-stationary, i.e. the mean of the data is
continuously increasing or decreasing, and there is a presence of random or seasonal
fluctuation in the data along the mean. This type of model is defined by a similar
equation to the ARMA model defined in Chatfield (2001: 66):

X, =a VX, +a,V'X, ,..+a, V'X, o +a,V'X, , (71.1)

+Z,+bZ, ,...+b, Z, ... +b,Z, _,

Where:

v¢  differential of X, ; to the order of d, where:

VX, =Vvix,  -Vv7X, (7.2)

For example if d = 1, then:
-X,, (7.3)
If d = 2, then:

VX, ,=VX,, -VX,, (7.4)

The model is defined by the notation of ARIMA(R,d,M) where R and M are the lags of
the autoregressive (AR) part and the moving average (MA) part of the model respectively
and d represents the order of differencing required for data X. The AR part of the model
forecasts the seasonal or random fluctuations about the mean of the data, hence the
requirement of differencing, whilst the MA part forecasts the mean movement of the data.
This type of model is widely used in McCue and Kling (1994) and Brook and Tsolacos
(1999; 2003) to extract the unexpected and the expected inflation from the provided
inflation data, where the mean (Moving Average part) represents the expected inflation
while the fluctuation about the mean (Autoregressive part) represents the unexpected
inflation. This model is also used in the research of Ling and Naranjo (1997; 1998).
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The models covered in this section are generally regarded as univariate time-series model,
which means that the model predicts the outcome of a variable using values from one
variable, which could be the predicting variable. The model is useful in identifying the
degree of influence of the current state of the property return due to its previous state.

2.3.2 Vector autoregression (VAR)

This type of model is an extended form of the univariate autoregressive (AR) model
described in the previous section and is one of the most widely used models in this
subject as the model allows for multiple variables to develop multiple simultaneous
equations. This model has been used throughout Brook and Tsolacos (1999; 2001; 2003).

The model is defined by the following equation (Chatfield, 2001: 246):

X, =X, +o,X,,..+to, X 8.1)

t

1 X pa +apX,_p +Z

Where:

X, vector of variables X at time ¢
X.;  vector of variables X at time 7-/ (predictor variable)
X:,  the value of the variable X at time 7-p

o the degree of influence of X,.; on X,

a, the degree of influence of X;., on X,

Z variable of random process determining the error term of the equation

p the degree of lags, which determines the number of previous X value that

influence the current X value

Another variation of this equation defined in McCue and Kling (1994) and Brook and
Tsolacos (1999) is as follows:

X, =+ X, +o,X, ..+, X, +a, X, +Z (32)

Where:
oo constant term
Z error term of the equation

For m variables with one equation for each variable, there are m equations in the model.
The variable X; will then be a vector of m x 1, the parameter oy will be a vector of m x 1
and the parameter aj,...,0, are all vectors of m x m.
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The parameters ap, a....,0, 1s calculated using ordinary least square equation or the Yule-
Walker equation. The use of the iterative method mentioned in the previous section is not
required.

The model has been used to find the interaction between variables within a system. It was
first introduced by McCue and Kling (1994) to identify the relationships between various
macroeconomic factors and the return of REITs. Brook and Tsolacos (1999; 2001; 2001a;
2003) all used this type of model to evaluate such relationship. Generally the researchers
use a simple VAR model for their analysis. Exceptions apply to Brook and Tsolacos
(1999) and Brook and Tsolacos (2001a). Brook and Tsolacos (1999) employed a
simplified version of the model where the lagged values of the variables on the left-hand
side of the equation were not used, i.e. the lagged values calculated from the model were
not used. In their subsequent work (Brook and Tsolacos, 2001a), they employed a
bivariate VAR model to analyse the relationships of the interest rate and its spread on
property return.

2.3.3 General Autoregressive Conditional Heteroskedasticity (GARCH)

This model is derived from autoregressive conditional heteroskedasticity (ARCH) model,
which was developed by Engle (1982). The model is designed for series where volatility
and conditional variance is particularly significant. Generally according to West and
Worthington (2004), the model is used in financial application where expected return is
directly related to expected risk. Pena et al. (2001: 307-327) claims that volatility
requires the following characteristics in order to apply this model:

1. Volatility must be clustered, i.e. high at certain time period and low at other time
period

2. Volatility evolves continuously with time

3. Volatility is stationary, i.e. it varies within certain fixed range

4. Volatility reacts differently with positive and negative outcome



15

The equation for the ARCH model is as follows:

Z, =\he, 9.1)

and
2 2

h =a,+a,Z | +...4+a,Z, 9.2)
Where:
Z, calculated output at time ¢
ap,...,ap parameters measuring the affect of previous output on current output
& sequence of independent and identically distributed (iid) random variable
P degree of lag of the model
hy variance of Z,

Pena et al. (2001: 307-327) described the above relationship between successive values
of Z, as serially uncorrelated, but dependant on its previous value by a simple quadratic
equation. The random variable ¢, should be normally or t-distributed about a mean of
zero with a variance of 1.

The GARCH model is very similar to the ARCH model with the exception that A is
defined by the following equation:

ho=a,+aZl +..+a,Z , +bh_ +bh_,+...+b,h_, (9.3)
Where:

heg previous variance, i.e. variance value at ¢-/
by,...,bp parameters measuring the affect of previous variance on current variance
0 degree of lag of variance

The notation for the above model is GARCH(P,Q) where P and Q defines the lags
affecting the current variable and can be optimised.

Pena et al. (2001: 307-327) summarised the approach for building a GARCH or ARCH
model:

1. Remove all seasonal and non-stationary movements in the data and deduce the
mean of the data to zero

2. Check for conditional heteroskedasticity by checking the distribution of the sum
of residual square

3. Identify the optimal order P and Q for the model
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4. Calculate the value of the parameters

The use of the GARCH model in this application is very recent, namely that of West and
Worthington (2004) and Liow (2004). West and Worthington (2004) employed the
GARCH in mean (GARCH-M) model in their research while Liow (2004) employs a
typical GARCH (1,1) model and a general method of moment (GMM) is used to
analysed the relationship between the variances of the macroeconomic factors and
property returns. West and Worthington (2004) commented that the benefit of using such
model is to allow risk to vary so that account can be made for conditional covariance of
returns with the market. Furthermore, the model accounts the effect of volatility
clustering, where a large variation will lead to a larger variation in future predictions and
likewise a small variation will lead to a smaller variation in future predictions.

2.3.4 Neural Network

Neural network is a black box modelling techniques that emulates the structure of a brain
according to Siganos and Stergiou (1996). The network comprised of neurons, which are
simple model defining a simple mathematic equation. An illustration of this model is as
follows (Demuth and Hagan, 1999):

Inputs  Multiple-Input Meuron

N Y

Z n p f a >
1 J
a=fWp+b)

Figure 1: A block diagram illustration of a neuron in a neural network

The above is a simple multiple input neurons where p; to pg are inputs to the neuron.
Each of these inputs are multiplied by a constant weight, which determines the
significance of each input. The inputs are then summed together with a constant b and
feed into a transfer function. The equation defining the model is as follows (Demuth and
Hagan, 1999).

a=fWw, +b) (10.1)
Where:

W,+b=n=w p +w,p,+...+W P +b (10.2)



17

The typical transfer function F(x) employed is a log-sigmoid transfer function where
equation is as follows (Demuth and Hagan, 1999).

1

F(x)= -
1+e™

an

However, one can choose to deploy another transfer function, but such transfer function
is ideal for the general purpose of approximating a model.

The simplest type of neural network is called the Multi-layered Perceptron (MLP)
network. The network consisted of three layers, namely input layer, hidden layer and an
output layer. The input layer consisted of the input to the network and the output layer
consisted of the last layer of neurons that produces the output of the network. In between
these two layers is the hidden layer, where most of the manipulation and calculation
occurs.

Input QOutput

Figure 2: Diagram illustrating the structure of a MLP neural network

This type of neural network is ideal for defining very complex regression and
classification as discussed in Demuth and Hagan (1999). The parameters within the
network such as weight and bias need to be calculated before the system is operational.
Such process is called training. Existing input and output data and a method of
optimizing the parameters of the network is required before training commences.
Generally, the initial parameters set for the network is estimated. The input set is then fed
into the network and the calculated output from the network is then compared with the
actual output, the expected output from the data set. The difference of the outputs, which
is defined as the error of the network is then used to adjust the parameters of the network.
The input set is then fed into the network again and the calculated output is then
compared with the actual output again. This process is repeated until the predefined
satisfactory conditions from the user are met (usually the number of iterations or error
level of the output). The calculation of the parameters of the network requires the use of
multiple variable optimization techniques such as genetic algorithm (GA) and particle
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swarm optimization (PSO). The most popular technique is the backpropagation algorithm,
where the parameters are optimized using gradient-descent technique.

The advantages of using a neural network in this application are that it does not require
complex mathematical modelling and understanding (Brook and Tsolacos, 2003), all that
the model required is a set of input and output data, and it is very robust, thus the effect
of many macroeconomic factors on the return can be investigated.

The work of Brook and Tsolacos (2003) was the only published work that has employed
neural network in comparing property return and macroeconomic factors, where they
employed a simple MLP model with one hidden unit and one lag for each variable. This
neural network model was identified to be most successful for short-term prediction. The
work of Brook and Tsolacos (2003) is based on the work of Qi and Maddala (1999). Qi
and Maddala (1999) compare the ability of a neural network model and a linear
regression model in predicting the relationship between macroeconomic factors and the
stock market.

In the wide field of property studies, neural network was mainly used in the valuation of
property. Neural network has mainly been employed to model effects on the valuation of
the property due to the sale price and date of the house (Do and Grudnitski, 1992, and
Rossini, 1997), dimension and layout of the house (Worzala et al., 1995, Do and
Grudnitski, 1992, and Rossini, 1997), material used for the house (Rossini, 1997),
macroeconomic data and geographical information system (GIS) data (Ge and Runeson,
2004) and the effect of aircraft noise (Collins and Evans, 1994). Other property related
research studies found using neural networks are the forecasting of construction demands
(Hua, 1996), mass appraisal techniques (Borst and McCluskey, 1997) and selection of
property portfolio (Ellis and Wilson, 2005).

From the review above, the most popular model used in this application appears to be the
VAR model, followed by the ARIMA model, the GARCH model and the neural network.
The review also indicated that in the earlier works by McCue and Kling (1994) and
Brook and Tsolacos (1999), the VAR model was used and only in recent works do
researchers employ the GARCH model and the neural network model. The argument for
such a trend is that the VAR model is more established than the GARCH and neural
network model. Further to this argument, the VAR model is mathematically less complex
than the GARCH and neural network model and thus demands less computation power
than the latter model.

2.3.5 Other models

In much of the other research studies, the researchers employed a simple multiple linear
regression model, namely in Ling and Naranjo (1998), Hoesli (1997) and Karolyi and
Sanders (1998). Bond and Seiler (1998) employed a method called the Added Variable
Regression Model (AVRM) - a slightly more complex multiple linear regression model,
in their research. The problem with employing such model, as discussed in Chatfield
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(2001: 245), is that the output of the model is only defined by the specified input of the
model and there is no relationship between previous outputs and the current output.

2.4 Related research in South Africa

In terms of similar research done in South Africa, there were three significant research
studies, namely Njuguna (2002), Poensgen (2000) and May (2004).

The earliest research by Poensgen (2000) investigated the macroeconomic factors that
affect residential property prices. The author uses the ABSA and Rode house price index
as a benchmark for measuring residential property prices and has identified that the
business confidence index (BCI) is highly correlated to the index. Based on this finding, a
stepwise multiple regression model was developed based on four variables namely the
residential property index that consisted of BCI, investment level of residential houses,
investment level of infrastructure construction and the value of real estate transaction.

Further to the model developed by the author, two simple regression models from
industry that predict the effect of certain macroeconomic factors on specific property
market characteristics were identified. The first model was a regression model predicting
the return of the property unit trusts (PUTs) in Southern Africa based on the repo rate,
inflation rate and yield of long-term (30 year US) bonds. The US bond data was used as
international benchmark. The second model was a five-variable model predicting the
ABSA index for residential property. The five variables were net migration, consumer
price index for housing, personal saving, real building cost and real PDI per capita.

Njuguna (2002) investigated the macroeconomic factors that drive the movement of the
CBD Property Fund, a private fund that was established by Sage Property Trust
Managers Limited in 1981. The fund had a market capitalisation of over R 2 billion in
2002 of which 32% of the value is properties in the Johannesburg and Pretoria CBDs.
The model developed is similar to the four variables model developed by Poensgen (2000)
consisting of the R150 10 year long bond index, the producer price index, the CPI for
housing and the JSE real estate share price index. The model explains 69% of the price
index of the fund, i.e. R?=0.69.

May (2004) investigates the effects of macroeconomic variables on the changes to the
stock market return, which is the JSE All Listed Share Index Return, between January
1990 and December 2003. The macroeconomic variables investigated in the research
were the change in the real industrial production, the change in the real term structure of
interest rate and the change in the real effective exchange rate. In this research, the term
structure of the interest rate is the difference between the Long-term government bond
and the Treasury-bill rate, which is the 3 month short term rate. Using the Chen Roll and
Ross (CRR) model, which is a univariant regressive model relating the rate of return in
the market with various macroeconomic factors. The research identified the following
findings:
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1. the growth rate of real industrial output positively influenced the change to the
stock market return; as production rate rises, the return increases

2. the term structure of interest rate is inversely related to the rate of return, the term
structure value is positive when the business cycle reaches a low point, then
decrease to zero when the business cycle reaches expansion stage and finally
becomes negative when the business cycle reaches the peak of the business cycle

3. the depreciating change in the real effective exchange rate affects positively to the
rate of return

All of the above-mentioned South African research used simple stepwise multivariable
regression model for their work, which has no autoregressive mechanism.

2.5 Summary of Literature Review

The macroeconomic factors investigated in most of the research studies, which seem to
have an influence on property returns, are that of interest rates and the inflation rate. In
recent research, the term structure of interest rate was investigated in place of interest rate,
in particular in the works of Ling and Naranjo (1998) and Brook and Tsolacos (1999;
2001; 2001a; 2003). Both expected and unexpected inflation were investigated, but
unexpected inflation appears to be more useful in the forecast as identified in the works
of Ling and Naranjo (1998) and Brook and Tsolacos (1999; 2001; 2001a; 2003). Various
research studies focusing on inflation, mainly identify the usefulness of property
investment in hedging against inflation and in such a case both unexpected and expected
inflation is examined. The investigation of interest rate and inflation corresponds to the
finding of Ball et al. (1998: 160), where the use of monetary policies and tools are
required to control the demand of money in the economy.

Further to interest rate and inflation, another significant factor that previous research has
investigated is previous (or lagged) property return data. Such factors must be evaluated,
as most of the investment decision is based upon the performance of the investment in the
previous periods. In most of the previous works, this is a significant input factor for the
developed model.

Economic factors such as industrial production (McCue and Kling, 1994, West and
Worthington, 2004, and Liow, 2004), employment growth rate (Liu and Mei, 1992, and
West and Worthington, 2004), and GDP growth rate (Ling and Naranjo, 1998, Bond and
Seiler, 1998, and Liow, 2004) were also identified as significant factors on property
return. These factors are related to the aggregate supply (industrial production and GDP
growth rate) and aggregate demand (employment growth rate) of the macroeconomic
activities as expressed in Ball et al. (1998: 161). As previously researched in May (2005),
where the growth rate of real industrial production is related to the return of the stock
market, such factors should be significant in the investment market of South Africa.
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Brook and Tsolacos (2001a) and (2003) introduced gilt-equity yield ratio and identified it
as a significant factor affecting property return. This factor is only introduced in recent
times in the work of Qi and Maddala (1999) and further investigation is required.

The property return investigated is divided mainly between indirect and direct returns.
The indirect return is based on the return of listed property stocks and funds and direct
return is based on the return of property portfolios of property companies. Most of the
previous work on indirect return focused heavily on established and regulated property
market, in particular the US and the UK market. Furthermore, the funds and stocks in
these markets control a very significant portion of the property market. There are few
research studies that investigated direct property return, and the data is mainly based on
property portfolios from independent evaluators such as NCREIF and IPD. Ling and
Naranjo (1998), Brook and Tsolacos (2001) and West and Worthington (2004) are recent
investigations that investigated both types of returns. Such comparison is required as they
react differently to macroeconomic variables (Stringer, 2001), especially with indirect
return as it is influenced by the performance of the stock market.

The models used are distinguished between an univariate model, where the model only
depend on the previous value of the predicted variable, and a multivariate model, where
the model depend on the previous value of the predicted variable as well as other
variables. In this research, both types of models are employed. An univariate model is
useful in to establish the relationship between the current property return and the previous
property return and is simple to implement. A multivariate model is used for mainly
identifying the effect of other factors affecting the property return. The most widely use
model is the VAR model, where it is use to identify relationships between
macroeconomic factors and predicted return. The ARMA model was used in the works of
Brook and Tsolacos (2001; 2003) in identifying the autoregressive nature of property
return. The GARCH model was only introduced in recent research in West and
Worthington (2004) and Liow (2004) where the return of the property is considered as a
highly volatile variable. Lastly, Brook and Tsolacos (2003) investigated the use of neural
networks to predict property return due to the ability of neural networks in predicting
non-linear relationships. In terms of complexity, the GARCH model is the most complex
model implement as it requires one to first implement a VAR or a VARMA model before
one can employ the GARCH model.

There are three research studies in South Africa that are of importance to this research.
The earliest research by Poensgen (2000) investigated the effect of business confidence
level, investment level and house prices on ABSA residential house price index. The
author also discussed two other simple models used in industry, of which a significant
model was developed by ABSA, where the return of property unit trust was forecasted
based on the repo rate, inflation rate and the yield of the US 30 year long-bond. Njuguna
(2002) developed a model to predict the performance of the Johannesburg CBD fund
using macroeconomic factors such as the long bond index, production price index,
consumer price index (CPI) for housing and the JSE share price index for property. May
(2005) is the most recent related research where a model predicting the return on the
stock market was developed. The macroeconomic factors identified as having an effect
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were industrial production, expected and unexpected inflation, risk premium and term
structure of interest rate. The factors used to predict the results in all of these research
studies are similar to international studies, such as inflation rate and interest rate. Factors
such as business confidence level and investment levels that reflects the macroeconomic
environment were used in the work of Poensgen (2000). Generally, the model used in all
of these research studies was a simple multivariable regression model with no
autoregressive component, which indicates that the use of complex model in predicting
property-related factors in South Africa has yet to be investigated.
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3 Data specification and analysis

3.1 Data specification

The macroeconomic factors examined in this research are property return, inflation, term
structure of interest rate, the gilt-equity yield ratio, industrial production, employment
growth rate and GDP growth rate based on the conclusion of the literature review. The
term structure of the interest rate is the difference between the yield of 10-year
government bond and 3-year government bond, as discussed in Brook and Tsolacos
(2003). As discussed in the literature review of the research of Brook and Tsolacos
(2001), Ling and Naranjo (1997; 1998) and of May (2004), the term structure is an
indication of the business cycle that the economy is in at a specific period and is related
to the future trend of interest rate. Therefore, it is more worthwhile using the term
structure of the interest rate in the model rather than using long term and short term
interest rate in isolation. Inflation is determined by the consumer price index (CPIX).
Gilt-equity yield ratio is calculated based on the ratio of the yield of the 10-year
government bond (long-term bond) to the dividend yield of the JSE All Listed Share
Index (ALSI), which is the equivalent overall stock market yield in South Africa. The
calculation method of the gilt-equity yield ratio is in accordance with the method used in
Brook and Tsolacos (2001; 2003).

GER = LIBR (12)
DY

Where:

LTBR  long term bond rate
DY dividend yield

The effect of the manufacturing index, rate of employment in the construction sector and
the GDP of the country are also examined in the research, as recommended by West and
Worthington (2004). West and Worthington (2004) also examined the affect of the level
of construction on the property returns in their research. They argued that the level of
construction is useful in determining the level of supply of new properties and
consequently affecting the aggregate supply of the macroeconomy. In this research, the
number of building plans passed, which represents the number of new construction works
approved, is examined.

Furthermore, the prime lending rate from financial institutions is introduced in this
research, which is defined as the interest rate that financial institutions charge when
lending their money to the public and is relate to the ability of property investors to
access loans to purchase properties (Liberta, 2011). Repossession rate, which is the rate at
which financial institutes borrow money from the reserve bank and directly related to the
prime lending rate (Liberta, 2011a), was not considered. This is because there is
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insufficient historical data available in the market; data is only available from 1999
onwards. The movement of the prime lending rate, measured by the change in prime
lending rate, is also investigated in this research.

The indirect and direct property returns are examined in the research. The direct return is
the IPD property return of retail, office and industrial properties in South Africa. The
indirect returns examined are the J255 property trust index and the J256 property loan
stock index. The observation period for indirect property return is between 1% quarter of
1989 and 4™ quarter of 2007 for J255 property trust index and 3™ quarter of 1991 and 4™
quarter of 2007 for J256 property trust index. The observation period for direct property
return is between 1¥ quarter of 1995 and 4™ quarter of 2007.

The analysed return data are divided into two further parts, namely the actual return value
and the return deviation value. The actual return value is the average return in a specific
quarter and the return deviation value is the standard deviation of the return in a specific
quarter. The return deviation is valuable for determining the degree of volatility in the
market in a specific quarter. The standard deviation of indirect return is calculated based
on the annual return recorded monthly. The standard deviation of direct return is
calculated based on the annual return recorded from different types of properties in
different regions of South Africa.

3.2 Data Analysis

The data analysis in this research is divided into two different sections, namely graphical
analysis and analytical analysis. Although most previous research studies have employed
analytical analysis, graphical analysis is also selected as it assists in understanding the
trends and movement of the data, as discussed in Chatfield (2001: 13-20) and Ebert et al.
(2008).

3.2.1 Graphical analysis

The trends of the factors affecting property return (input variables) and the property
returns (output variables) are plotted below against time, in Appendix B, and are
examined and discussed. Similar to the case of Brook and Tsolacos (2001) and Ling and
Naranjo (1997), unexpected inflation is calculated by determining the difference between
the actual inflation and the simulated (anticipated) inflation. The simulated inflation is
calculated based on an ARIMA (1,1,1) model developed using actual inflation data.

Referring to appendix B, generally all of the input variables appear to follow a cyclic
pattern with the exception of the GDP index, the CPIX index and the building plans
passed index. The GDP and the CPIX index are non-stationary and increase constantly
with time. In order to obtain useful data that can be use in forecasting, stationary data is
required as defined by Chatfield (2001: 15-20). First order differencing is therefore
implemented for these two variables, which represents the rate of GDP index and the rate
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of CPIX index. The graphs for these two indices display a more random pattern. The
building plans passed index followed a skewed pattern, where the index increased from
approximately 120 point in 2003 to over 200 point thereafter. This is an indication of the
property boom between 2003 and 2007, where building activities have increased
drastically. The prime lending rate also follows a cyclic pattern and the changing prime
lending rate displays a more random pattern.

The direct and indirect property returns (output variables) and their deviations are plotted
and presented in Appendix B. The graphs indicate that the indirect returns displayed a
more volatile and stochastic trend in comparison to the direct returns, this suggest that the
indirect market is influenced by movements on the stock exchange. The trend of the
direct returns appear to move upward between 2004 and 2007, an indication of the
property boom during these years.

Similarly, the indirect return deviations are more volatile than the direct return deviations.
The indirect return deviations oscillate around an average value and generally spike at
points where indirect returns are at their greatest, which is an indication of increasing risk
and volatility. The direct return deviations again fluctuate very gently from a peak during
1998 to a dip between 2002 and 2003 and gradually increase to another peak from 2006
onward.

The difference in the trend between the indirect and direct property data is also due to the
nature of the data. The direct return data from IPD is based on the performance of a group
of commercial properties on an annual basis, while the indirect return data is based on the
performance of portfolios on the listed sector on a monthly basis. This is evident in the
rapid increase in direct property deviations from 2006 onward, where the number of
evaluated samples (properties) has drastically increase and has lead to greater variation in
the data.

3.2.2 Autocorrelation of the return

The investigation into the autocorrelation relationship of the return (output) is essential as
it allows one to understand the significance of the historic returns (output) on the current
return as defined in Chatfield (2001: 55-59). As evident in the models investigated in the
literature survey above, the autocorrelation component is an essential component of the
models and such analysis will assist one with a basic understanding of the models under
investigation and in identifying some initial parameters for these models. Referring to
previous research, only Brook and Tsolacos (2001) have investigated the autocorrelation
relationships of each return (output). As suggested in Chatfield (2001: 55-59), one of the
best methods in analysing the autocorrelation relationship is to use the correlogram. The
correlogram illustrates the relationships between the current value of a variable and its
previous values. The correlogram of each output is presented in Appendix B. Due to the
different data sizes between direct and indirect returns, a lag of 15 is investigated for the
indirect return data and a lag of 10 is investigated for the direct return data.
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The analysis of the indirect return indicates that the autocorrelation between the samples
declines rapidly with increasing lag value as referred to the correlogram in appendix B.
For J255 and for J256, the autocorrelations were only significant up to 2 lags and 3 lags
respectively, which is an indication that historic indirect returns have minimal effect on
current and future indirect return. Unlike the indirect return samples, the autocorrelation
between direct return samples deteriorates gradually with increasing lag value. For all
three different types of commercial properties, the autocorrelations were significant up to
10 lags, an indication that the historic direct returns have very strong influence on current
and future direct return. According to Chatfield (2001: 55-59), this usually suggest a non
stationary trend. The correlograms of the indirect return also indicate that the
relationships between current and historic values is slightly cyclical, which is an
indication of the influence on the return due to the stock market.

The correlogram of the indirect return deviations fluctuates randomly about the zero
value, which indicates that the current return deviation is unlikely to be affected by
historic return deviations. Similar to the result discussed above, the autocorrelation
between direct return deviations is higher than the autocorrelation between indirect return
deviations. For all three different types of commercial properties, the autocorrelations
were significant in the first few lags.

3.2.3 Analytical analysis

Instead of graphical analysis, nearly all of the previous research studies employed
analytical analysis in determining the characteristic of the data. Data is evaluated based
on the distribution of the sample sets and their movement.

The mean, range, standard deviation (or variance), skewness and kurtosis of the sample
sets are investigated. The first three characteristics are self-explanatory and are widely
investigated in any statistical problems. The skewness of a sample set determines the
degree of deviation of the samples from the arithmetic mean of the set and is defined by
the following equation (Spiegel and Boxer, 1972: 91):

s=Ex=x) (13.1)

Where:

variable under investigation
mean of x
standard deviation of x

Q =l =
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and

E(x-x) =+ — (13.2)

The distribution is known to be negative skew or left-skewed if a negative skewness
value is calculated. In this case, most of the samples lie above or to the right of the
arithmetic mean. Conversely, the distribution is known to be positive skew or right-
skewed if a positive skewness value is calculated. In this case, most of the samples lie
below or to the left of the arithmetic mean. The skewness of a normal distribution is zero
based on the above equations.

The kurtosis of a sample set determines the shape of its distribution based on the effect of
its outliers. It is defined by the following equation (Spiegel and Boxer, 1972: 91):

K= E(x_f) (14.1)

o
Where:
X variable under investigation
X mean of x
o standard deviation of x
and

(xk - X )4

E(x-x)' =+ (14.2)
n

A high kurtosis value indicates that the distribution has a sharper peak and a longer tail
while a low kurtosis value indicates that the distribution has a round peak and a shorter
tail. Typically, a sample kurtosis is calculated and is determined by the following
equation (Wikipedia, 2009a).

—\4
-3 (14.3)

The constant at the end represents the kurtosis value of a normal distribution, which is 3.
Resultantly, the above equation (Equation 14.3) measures the distortion of the analysed
distribution with respect to a normal distribution.

Following previous research studies by Brook and Tsolacos and West and Worthington
(2004), the distribution of the data is benchmarked against the normal distribution. The
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Jarque-Bera method is used in these studies when analysing normality of distribution
(Wikipedia, 2009b). The method first requires the sample skewness and kurtosis of the
data set, as defined by equation 15 below. The test statistic of the sample set (known as
JB statistic) is first calculated and then compared with the values on the JB statistical
table, as defined in Bera and Jarque (1981). For a normal distribution, the JB statistical
value is zero. In practice, the researcher usually defines a significant level, where if the
calculated JB value is below this level, the data set is deemed to be normally distributed.
Brook and Tsolacos defined a 5% and 1% significant level in their works. In this research,
a 5% significant level is selected.

Where:

S sample skewness of the data set
K sample kurtosis of the data set
n sample size of data set

The final analysis of the examined variables is the stationary test. In the graphical
analysis above, it was identified that the GDP and CPIX indices were highly non-
stationary and first order differencing was used to obtain significant data. For analytical
analysis, the augmented Dickey-Fuller (ADF) test is widely used. Brook and Tsolacos
(2003) used such technique in their work to determine whether a variable is stationary.
The augmented Dickey-Fuller test is derived from the Dickey Fuller test (Dickey and
Fuller, 1979), which is a hypothesis test that examine whether a set of data is modelled
by an autoregressive time series with a unit root, i.e. the following simple autoregressive
equation with p = 1.

Y,=pY,, +e, (16)

The augmented Dickey-Fuller test utilised a more sophisticated model than the one
defined by Equation 16 above. It utilises an ARMA model that accommodates unknown
orders, similar to the ARMA model equation presented in section 2.3.1 (Equation 4). The
result of the simulated model is then analysed and compared with a predefined table,
which is called the Dickey-Fuller table. Once again, the researcher usually defines a
significant level where, if the calculated value is below this level, the sample set is
deemed to be stationary.



29

The table below summarised the analytical analysis of the examined explanatory data.

Term Gilt-equity Manufacturing Employment
Properties Structure | CPIX index ratio index GDP index
Mean -0.7279 92.171 461.72 81.700 906690 154.570
Min -3.4467 36.767 246.26 76.950 735580 95.040
Max 2.0100 151.800 739.91 86.470 1265000 213.490
Standard deviation 0.9853 32.73 134.11 2.598 152710 34.467
Skewness 0.2695 0.0619 0.3822 0.2864 0.8300 -0.2249
Kurtosis 3.3467 1.8257 2.1511 2.0591 2.5489 2.0059
Jarque-Bera Test
p-value 0.55883 0.10315 0.11238 0.11167 0.00726 0.12050
JB test result 1.16380 4.54310 4.37180 4.38440 9.85000 4.23230
Critical value at 5% 5.99150 5.99150 5.99150 5.99150 5.99150 5.99150
Augmented Dickey Fuller Test
Alpha value 0.75536 4.22770 0.90936 0.60611 8.75560 0.71720
Adf test value -1.32990 0.58206 -0.20258 -1.14330 3.29540 -0.72949
Critical value -3.43910 -3.56630 -3.43910 -3.43910 -3.43910 -3.43910
-2.91520 -2.93700 -2.91520 -2.91520 -2.91520 -2.91520
-2.58410 -2.61520 -2.58410 -2.58410 -2.58410 -2.58410
-0.40460 -0.43928 -0.40460 -0.40460 -0.40460 -0.40460
-0.04810 -0.04988 -0.04810 -0.04810 -0.04810 -0.04810
0.53845 0.69424 0.53845 0.53845 0.53845 0.53845
Building Changing | Changing Unexpected Prime interest | Changing prime
Properties plans index GDP CPIX index | changing CPIX rate interest rate
Mean 127.360 6517.9 1.6202 0.0692 16.416 0.0188
Min 83.867 -8689.7 0 -2.9846 10.5 -2.5
Max 238.120 18549.0 4.0333 1.9121 23.5 4
Standard deviation 45.922 6347.8 0.7633 0.9813 3.4611 1.0620
Skewness 1.4750 -0.2048 0.5626 -0.4929 -0.1282 0.2498
Kurtosis 3.7063 2.4526 3.6700 3.1966 1.9191 5.2267
Jarque-Bera Test
p-value 3.12x107 0.41233 0.10324 0.24791 0.1077 4.4x10™
JB test result 29.95800 1.77190 4.54140 2.78940 4.4569 15.457
Critical value at 5% 5.99150 5.99150 5.99150 5.99150 5.9915 5.9915
Augmented Dickey Fuller Test
Alpha value 0.62376 0.57021 0.39339 0.38341 0.70492 0.27424
Adf test value -0.88985 -2.23930 -4.99310 -5.08330 -0.77902 -6.74560
Critical value -3.43910 -3.43910 -3.56630 -3.56630 -3.43910 -3.43910
-2.91520 -2.91520 -2.93700 -2.93700 -2.91520 -2.91520
-2.58410 -2.58410 -2.61520 -2.61520 -2.58410 -2.58410
-0.40460 -0.40460 -0.43928 -0.43928 -0.40460 -0.40460
-0.04810 -0.04810 -0.04988 -0.04988 -0.04810 -0.04810
0.53845 0.53845 0.69424 0.69424 0.53845 0.53845

Table 2.1: Analytical analysis of the input (explanatory) variables

The mean, minimum, maximum and standard deviation values calculated correspond to
the graphs plotted for each variable.
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The variables are positively skewed with the exception of the employment index,
changing GDP, unexpected inflation (unexpected change in CPIX) and prime lending rate,
which means that the samples are generally higher than the mean. The skewness of the
CPIX index is the lowest while the skewness of the building plans passed is the highest.
This corresponds to the graphical analysis above for the variables where the graph of the
CPIX index approximate to a linear curve, an indication of a normally distributed data set,
and the graph of the building plans passed index remained at a very low level between
1988 and 2002 and spiked to a very high level from 2003 onward, which is an indication
of a distribution with two means.

The building plans passed index, the GDP value at market price and the changing prime
lending rate have all failed the Jarque-Bera test at a 5% significant level, which is a value
of 5.9915. This is because the Jarque-Bera test result calculated for these variables is
higher than the defined critical level. The Jarque-Bera test result for the CPIX index and
the building plans passed index is consistent with previous finding as they have the two
highest skewness values, which is related to the normality of the data set, as defined in
the Jarque-Bera equation (Equation 15). However, the changing prime lending rate did
not pass the Jarque-Bera test even though it has an average skewness value. The cause of
this phenomenon is the sudden variation in the sample values between 1998 and 2000.

The kurtoses of term structure, building plans passed index, changing inflation (CPIX
index), unexpected inflation (unexpected change in CPIX) and changing prime lending
rate are higher than the normal distribution level, which is 3. The result indicates that the
data samples of these variables are less spread out than the normal distribution, i.e. they
have distribution curves with sharper peak. These data sets also have a “longer and
fatter” tail (Wikipedia, 2009a) and hence a higher variance value. The kurtoses of other
variables are lower than the normal distribution level of 3, which indicate that the data
samples of these variables are more spread out than the normal distribution, i.e. they have
distribution curves with more rounded peak. These data sets also have a “shorter and
thinner” tail (Wikipedia, 2009a) and hence a lower variance value. The changing prime
lending rate has the highest kurtosis value (5.2267) while inflation has the lowest kurtosis
value (1.826).

With the exception of the changing inflation value (changing CPIX), the unexpected
inflation and the changing prime lending rate, the calculated augmented Dickey Fuller
test values of the other variables are all higher than the 10% significance level and thus
have failed the augmented Dickey Fuller (ADF) hypothesis of a stationary zero-order
series. The CPIX and GDP indices have the highest Dickey Fuller test values, which is
consistent with previous graphical analysis where these two variables are highly non-
stationary.



31

J255 total J256 total IPD return - | IPD return - IPD return -
Properties return return retail office industrial
Mean 0.18527 0.20196 0.19324 0.14471 0.17658
Min -0.15719 -0.15799 0.09008 0.01388 0.02074
Max 0.58246 0.55825 0.32719 0.35162 0.35264
Standard deviation 0.15964 0.18229 0.06739 0.08830 0.10476
Skewness 0.15313 0.10781 0.36741 0.83760 0.38569
Kurtosis 2.45370 2.10270 1.84390 2.53450 1.69440
Jarque-Bera Test
p-value 0.47673 0.25994 0.11291 0.04035 0.07123
JB test result 1.48160 2.69460 4.36230 6.42060 5.28380
Critical value at 5% 5.99150 5.99150 5.99150 5.99150 5.99150
Augmented Dickey Fuller Test
Alpha value 0.68424 0.89115 1.41870 2.83270 2.02280
Adf test value -1.63500 -0.46478 0.50532 1.73310 0.70452
Critical value -3.43910 -3.56630 -3.56630 -3.56630 -3.56630
-2.91520 -2.93700 -2.93700 -2.93700 -2.93700
-2.58410 -2.61520 -2.61520 -2.61520 -2.61520
-0.40460 -0.43928 -0.43928 -0.43928 -0.43928
-0.04810 -0.04988 -0.04988 -0.04988 -0.04988
0.53845 0.69424 0.69424 0.69424 0.69424
IPD return IPD return IPD return
J255 return | J256 return deviation - deviation - deviation -
Properties deviation deviation Retail Office Industrial
Mean 0.04597 0.04136 0.02932 0.03418 0.02399
Min 0.00628 0.00227 0.01840 0.00558 0.00548
Max 0.15507 0.13382 0.07291 0.06860 0.05011
Standard deviation 0.02652 0.02578 0.01194 0.01566 0.01123
Skewness 1.01560 1.32890 2.06360 0.07303 0.41953
Kurtosis 5.39060 5.31450 7.10400 2.19600 2.26730
Jarque-Bera Test
p-value 5.07x10” 1.22x107 3.33x10™"° 0.41673 0.23543
JB test result 28.9910 31.8390 66.6560 1.75060 2.89260
Critical value at 5% 5.99150 5.99150 5.99150 5.99150 5.99150
Augmented Dickey Fuller Test
Alpha value -0.10543 -0.05163 2.71940 0.78423 1.10400
Adf test value -9.73830 -8.58080 3.40140 -0.29888 0.47419
Critical value -3.43910 -3.56630 -3.56630 -3.56630 -3.56630
-2.91520 -2.93700 -2.93700 -2.93700 -2.93700
-2.58410 -2.61520 -2.61520 -2.61520 -2.61520
-0.40460 -0.43928 -0.43928 -0.43928 -0.43928
-0.04810 -0.04988 -0.04988 -0.04988 -0.04988
0.53845 0.69424 0.69424 0.69424 0.69424

Table 2.2: Analytical analysis of the output (return)

The mean of the returns are generally between 14% and 20%, the indirect return of J256
property loan stock, which corresponds to the graphs above. The standard deviation for
the indirect return is higher than the direct return. The deviation of the indirect return
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deviation is also higher than the standard deviation of the direct return deviation, an
indication that indirect return is more volatile than direct return.

All of the returns and return deviations are positively skewed, i.e. the sample values are
generally higher than the mean value, which correspond with the trend of increasing
return and volatility over the years.

Similar to the analytical analysis of the explanatory variables, the data sets with the
highest skewness levels, the direct office return, the indirect return deviations and the
direct retail return deviations, failed the Jarque-Bera test. For direct return and return
deviation, the result corresponds to the sudden increase in the data from 2006 onwards
identified in the graphical analysis, which skewed the data significantly. While for
indirect return deviation, a possible cause is the sharp spikes during periods where
indirect return peaks, which can skew the mean significantly.

With the exception of the indirect return deviations and the direct retail return deviation,
all of the data sets have a lower kurtoses value than the normal distribution. In other
words, these data sets have higher variance and deviation level. The high kurtosis value
of the indirect return deviations and the direct retail return deviation also indicate that the
deviation are more likely to be at a specific level and thus it is more likely to predict the
levels of deviation for these data sets.

Similar to the analysis of the variables, all of the return and return deviation series, with
the exception of indirect return deviation series, failed the ADF test with 10%
significance level and thus the series are non-stationary at zero-order. This is an
indication of increasing average return of commercial properties over the years.

3.3 Summary

The explanatory (input) variables selected for this research are term structure of interest
rate, gilt-equity yield ratio, manufacturing index, employment index, building plans
passed index, prime lending rate, GDP index and CPIX index, which is inflation.
Furthermore, the changing GDP index, changing CPIX index, changing prime lending
rate and the unexpected inflation, which is the unexpected CPIX index change, were
extracted from the input data for analysis. Indirect property return (output variables)
derived from the J255 and J256 property indices and direct property return derived from
IPD data were selected for this research.

All of the data under investigation for this research is first graphically analysed. The
graphical analysis of the input indicates that the GDP and CPIX indices increases linearly
with time and is highly non-stationary. The indices are then subjected to first order
differencing and thus the changing GDP and CPIX indices trends are obtained.
Furthermore, based on previous research, the unexpected inflation trend is extracted from
the CPIX indices using an ARIMA model. The graphical analysis of the output indicates
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a cyclic movement over time and the trends of the indirect return are much more volatile
than the trends of the direct return.

The autocorrelations of the outputs are also analysed by means of correlograms. The
autocorrelation relationships of the indirect returns deteriorated much quicker than the
direct returns. The relationships between the indirect return samples become
insignificant after the 3™ lag and the relationships between the direct return samples
become insignificant after the 7" lag. A similar trend is identified between indirect return
deviation and direct return deviation, where the autocorrelation relationships between
indirect return deviation samples is not present and the relationships between the direct
return samples become insignificant after the 2™ lag.

Lastly, the data was analysed using analytical techniques from which the calculated
results generally correspond to what was observed in the graphical analysis. The ADF
stationary test was also performed and the test indicates that most of the data sets are
slightly non-stationary, an indication of a slight increase in these trends over time.
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4 Relationships between macroeconomic factors and
return

The relationships between macroeconomic factors and return are analysed, after an
analysis of the nature of the input and output data in the previous section. Here, a
technique is used in identifying the factors that have the most impact on the return. This
process is essential in eliminating the factors that have little effect on the change of
property return and isolating the significant factors that can be use for the development of
simpler and concise models at a later stage.

4.1 Analysis of causality

The analysis used, which is previously used in the works of Brook and Tsolacos (2001;
2001a; 2003), is called the Granger Causality Analysis. The initial model, developed by
Clive Granger (Granger, 1969), was designed for the examination of the relationships for
two time-series at a time. The basis of the analysis is to examine the effect on the changes
to the dependant variable due to changes to the explanatory variable and quantify such
effect by means of statistical F-test. Wikipedia (2009c¢) discussed that this technique does
not apply when a relationship involves more than two variables. For relationships that
involved multiple variables, the normal procedure is to develop a general VAR model
with all of the variables and use the F-test to identify the relationships between the
variables. In this research, VAR models combining the macroeconomic variables and the
returns or the return deviations are developed and the relationships between the two are
identified using a typical F-test, as discussed in LeSage (1998: 216-218). Such a method
is also used in Brook and Tsolacos (2003). The following is the result from the VAR
models developed based on a lag of 4 for indirect property return series and a lag of 3 for
direct property return series. The short lag length defined in the models is due to a
fundamental limitation imposed by VAR model, as discussed in LeSage (1998: 218-219).
The limitation stated that given a specific sample size, the model is only permitted to
have a maximum number of parameters, which is less than the number of samples
available, before the model become inaccurate. Since the available sample size is so
small, the number of parameters permitted for investigation and the lag values for the
models investigated is limited to a low value. The tabulated results are the Granger
causality probability test where the lower the value, the greater the relationship between
the variables. For probability value higher than the defined cut off point, which is set as
0.5, ”NaN” 1s indicated.



Variables J255 return J256 return
Term Structure 0.13 0.42
Gilt-equity ratio NaN NaN
Manufacturing index 0.25 0.09
Employment index 0.04 0.07
Building plans passed index 0.02 0.01
Changing GDP 0.47 0.48
Changing CPIX index 0.21 0.20
Unexpected changing CPIX 0.43 NaN
Prime lending rate 0.44 0.39
Changing prime lending rate 0.44 0.44
J255 return 0.12 0.10
J256 return 0.19 0.40

Table 3.1: Granger causality probabilities of indirect property returns

Variables J255 return deviation J256 return deviation
Term Structure 0.08 0.04
Gilt-equity ratio 0.03 0.23
Manufacturing index 0.44 0.24
Employment index 0.15 0.24
Building plans passed index 0.20 0.09
Changing GDP 0.22 NaN
Changing CPIX index NaN 0.42
Unexpected changing CPIX NaN NaN
Prime lending rate 0.46 NaN
Changing prime lending rate 0.33 NaN
J255 return deviation 0.02 0.44
J256 return deviation NaN NaN

Table 3.2: Granger causality probabilities of indirect property return deviations
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Variables Retail return Office return Industrial return
Term Structure 0.19 NaN 0.24
Gilt-equity ratio 0.09 0.25 0.28
Manufacturing index 0.28 NaN 0.11
Employment index NaN NaN 0.38
Building plans passed index NaN 0.42 NaN
Changing GDP 0.38 0.25 NaN
Changing CPIX index 0.05 0.05 0.19
Unexpected changing CPIX 0.16 NaN 0.35
Prime lending rate NaN NaN NaN
Changing prime lending rate NaN NaN NaN
Retail return 0 NaN 0.24
Office return 0.21 0 0.28
Industrial return NaN NaN 0

Table 3.3: Granger causality probabilities of direct property returns

Retail return Office return Industrial return
Variables deviation deviation deviation
Term Structure NaN 0.31 NaN
Gilt-equity ratio 0 0.03 0.23
Manufacturing index 0.34 0.31 0.18
Employment index NaN NaN NaN
Building plans passed index 0.05 0.09 NaN
Changing GDP 0.02 0.19 NaN
Changing CPIX index 0.01 0.01 0.4
Unexpected changing CPIX 0.26 0.12 0.3
Prime lending rate 0.14 0.50 0.02
Changing prime lending rate 0.39 0.03 NaN
Retail return deviation 0 NaN 0.27
Office return deviation 0.19 0 0.32
Industrial return deviation 0.35 0.08 0

Table 3.4: Granger causality probabilities of direct property return deviations

From the test result above, the relationships between the explanatory variables and the
output are investigated further if the probability of the relationships is less than 0.2. The
result is summarised in the table below. The summary table below does not take into
account the autocorrelation relationship, which will also be incorporated in the models.
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Output Variables

Term structure, employment index in construction, building plans passed
index, J256 return

J255 return

Manufacturing index, employment index in construction, building plans

J256 return passed, changing CPIX index, J255 return

J255 return Term structure, gilt-equity ratio, employment index in construction, building
deviation plans passed index

J256 return

deviation Term structure, building plans passed index

Term structure, gilt-equity ratio, changing CPIX index, unexpected

Retail return changing CPIX

Office return Changing CPIX index

Industrial return | Manufacturing index, changing CPIX index

Retail return Gilt-equity ratio, building plans passed index, changing GDP, changing
deviation CPIX index, office return deviation, prime lending rate

Gilt-equity ratio, building plans passed index, changing GDP, changing
CPIX index, unexpected changing CPIX, industrial return deviation,
changing prime lending rate

Office return
deviation

Industrial return

deviation Manufacturing index, prime lending rate

Table 3.5: Explanatory variables with significant causality on return series

4.2 Summary

The Granger Causality method, which is based on the F-test for VAR models, is used to
identify the relationships between the explanatory variables and the return. The factors
most significant to each specific returns and return deviations are tabulated in Table 3.5
above. The analysis identified that the three most influential factors on indirect return and
return deviation are the term structure, employment index and building plans passed
index.

Both the term structure and employment index factors were identified to have significant
influence in indirect property returns in previous research, term structure in the works of
May (2005), Ling and Naranjo (1998) and Brook and Tsolacos (1999; 2001; 2001a; 2003)
and employment index factor in the works of Liu and Mei (1992) and West and
Worthington (2004). Since the term structure is directly related to interest rate, the result
also corresponds to the general consensus that interest rate is strongly related to the
indirect property return. However, this relationship was not identified in the test above.
The strong relationship between the building plans passed index and indirect return is a
new finding and unique to this research. This finding indicates that there is a link between
direct property market, in terms of actual level of building activity, and indirect property
market, in terms of indirect property return. Previously only West and Worthington (2004)
investigated the effect of building activities, related to the building plans passed index, on
indirect property return and no significance was found in the relationship between the
two.
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The factors that influence the movement of direct return and direct return deviation are
the changing CPIX index and the gilt-equity ratio. With the exception of the industrial
return deviation, the changing CPIX index significantly affects direct return and return
deviations. This observation confirms the results from previous investigations where
direct property investment has hedging ability against inflation, or in this case the
movement of inflation. The effect of gilt-equity ratio on any property return has only
previously been identified in Brook and Tsolacos (2001a) and (2003) where this factor
did have an effect on indirect property return. The strong relationship between the gilt-
equity ratio and direct return is again a new finding and is unique to this research. Lastly,
it is of interest to note that industrial return and return deviations are strongly related to
the manufacturing index. This finding corresponds to the findings of McCue and Kling
(1994) and May (2005).

Most of the abovementioned relationships identified corresponds to the finding of
previous research, which are predominantly conducted in well establish property markets
with extensive property resource - namely the European, US and Australian market. The
behaviour of the South African commercial property market is therefore related to the
global commercial property market.
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5 Development of simulated models

The application used for developing and simulating the models is Matlab version 7.0,
which is designed for sophisticated mathematical calculation and modelling. The
software is designed particularly to operate with matrices and big data sets with designed
modules of sophisticated equations and calculations. Existing modules for the required
models in this research are available in this software. Appendix D is dedicated to the
theory of the respective models and one can refer to this section if further understanding
of the models is required. It must be noted that the ARMA and the GARCH models in
this software are limited to one output for each model and a model is designed for each
output. The VAR and neural network models in this software can accommodate multiple
outputs and a model is designed for each type of return, i.e. the outputs of the model
developed for a specific type of return will accommodate for the return and its deviation.
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6 Optimising models

In developing an optimal model for a problem, the trade off between the complexity of
the model and the accuracy of the model must be considered. Traditionally, one would
employ an ad-hoc triads and error approach in order to identify an optimal model.
Information criterion techniques provide a more logical and scientific way of finding an
optimal model. Two different information criterions methods are used in this research,
which are also used in the works of Brooks and Tsolacos (1999; 2001; 2001a; 2003) and
West and Worthington (2004). The information criterion methods are Akaike Information
Criterion (AIC) and Schwarz Information Criterion (SIC), which is also known as the
Bayesian Information Criterion.

6.1 Akaike Information Criterion (AIC)

This information criterion technique is the most widely used information criterion in this
field and was developed by Hirotsugu Akaike (1974). The method is based on the
approximately unbiased estimator of the expected Kullback-Leibler information theory

for a fitted model, as discussed in Hurvich and Tsai (1989) and Bedrick and Tsai (1994),
and is defined by the following equation.

A0,6%)=E {-2logL}  (17)
Where:

L maximum likelihood function of the approximating model

The general equations for AIC, based on the above equation, are as follow (Hurvich and
Tsai (1989)).

AIC =2k —2log(L) (18.1)
OR
AIC =2k —-21In(L) (18.2)
Where:
k number of parameters in the model
L maximum likelihood of the approximating model

In the case where the log maximum likelihood of the approximating model is not defined,
under further assumption that the errors are normally and independently distributed, the
equation above (Equation 18.1) is equated to the following (Hurvich and Tsai, 1989).
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AIC =2k +nflog6? +1]  (18.3)

Where:
62 variance of the error function of the approximating model
n number of samples used for estimating the model

The variance of the error function of the approximating model can be calculated based on
the residual sum of squares derived from the approximating model. The best model
examined is the model that produces the lowest AIC value as the equation merits the
model with the lowest residual sum of square error and the lowest number of parameters,
which is essential in avoiding overfitting. There is a variation to the above equation
(Equation 18.3), which is defined in Egriolgu et al. (2008).

aic =% Lfiog 67 (18.4)
n

The calculated value from Equation 18.3 and 18.4 will not be the same as the two
equations are different. However, it must be noted that the AIC value calculated by the
equation are merely an indication of the optimal model for a set of data. Provided that the
same equation is used in the evaluation, the use of either of the equations has no impact
on the evaluation process of the optimal model.

In the case where the sample set is small, Burnham and Anderson (2004) and Hurvich
and Tsai (1989) suggested that a constant factor should be added to the calculated AIC
value in the above equation. This modified form of AIC is known as the modified AIC
(AICc).

2k(k +1)

AlCc = AIC + (19)
n—k—
Where:
k number of parameters in the model
n number of samples used for estimating the model

The additional constant in the above equation (Equation 19) imposes a more severe
penalty on the complexity of the model.

When optimising models with multiple outputs, such as the VAR model and the neural
network model, the only difference in the AIC equations listed above (Equation 18.3 and
18.4) is that the determinant of the error covariance matrix of the approximating model is

used in place of the variance of the error function (8°), as defined in Bedrick and Tsai
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(1994), who derived the following general AIC equation for a model with multivariate
regression.

AIC =2k +nlloglé|+ p]  (20)

Where:

k number of parameters in the model

|51 determinant of the error covariance matrix of the approximating model
p number of output in the model

6.2 Schwarz Information Criterion (SIC)

The name of this information criterion is derived from Gideon E Schwarz, who
developed this information criterion technique in 1978. It is also called the Bayesian
Information Criterion (BIC) as the technique was developed based on Bayesian argument
(Wikipedia, 2009¢). The general equation for BIC, which is similar to the AIC equation,
is as follows (Wikipedia, 2009¢):

BIC = klog(n)—2log(L)  (21)

Where:

k number of parameters in the model

L maximum likelihood of the approximating model
n number of samples used for estimating the model

The main difference between the BIC and the AIC equation is the constant term. For BIC,
the constant term considers the data distribution to be exponential, which is more suitable
for data sets with a higher kurtosis value, i.e. those sets with longer tail and larger mean
(Wikipedia, 2009e). Furthermore, the inclusion of the sample size of the data set
penalises models with higher sample value more severely.

Similarly, assuming that the error is normally distributed, the model can be derived to the
following form (Laio et al., 2009, and Egriolgu, Aladag and Gunay, 2008).



43

BIC = klog(n)+nlogé®  (22.1)

OR

pic =K08® 0521 (222
n

Where:

k number of parameters in the model

o variance of the error function of the approximating model
n number of samples used for estimating the model

Similar to the AIC technique, the best model is one with the lowest BIC value. This
model again merits the model with the lowest residual sum of square error and the lowest
number of parameters. For a model that has multiple outputs, the determinant of the error
covariance matrix of the approximating model is again used in place of the variance of

the error function (&), as defined in Bedrick and Tsai (1994).
BIC = klog(n)+nlogl6|  (23)

Where:

k number of parameters in the model
|5| determinant of the error covariance matrix of the approximating model
)4 number of output in the model

6.3 Identification of optimal models

The optimising model parameters need to be defined prior to the implementation of the
abovementioned information criterion techniques. In the works of Brook and Tsolacos
and West and Worthington (2004), the lag of the autoregressive part (R) and the lag of
the moving average part (M) are the optimising parameters for the univariant ARMA
model. Likewise, the lag of the autocorrelative variance (P) and the error variance (Q) are
the optimising parameters for the univariant GARCH model. Further to these parameters,
the lag of the explanatory factors is an additional parameter incorporated in this
optimisation process. This parameter is essential in this research as it provides an
indication of the degree of influence that the historic macroeconomic factors have on
current and future property returns.

The optimising parameters investigated for the VAR model are the number of lags in the
model, which is used in Brook and Tsolacos (2003), and the number of explanatory
factors to be used in the model. For the neural network model, the optimising parameters
considered are the number of lags in the model, the number of explanatory factors, the
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number of neurons in the middle layer and the type of transfer function used by the
neurons in the output layer. Once again, the incorporation of the number of explanatory
factors as an optimising parameter in these two models provides an indication of the
degree of influence that the macroeconomic factors have on current and future property
returns.

In numerous literatures, the two information criterions are compared and BIC is generally
preferred to AIC in selecting an optimal model. This is because BIC imposes a more
severe penalty for model complexity (Qi and Zhang, 2001) when the sample set is larger
than 7. This is also evident in Brook and Tsolacos (2003), where the selection using BIC
technique is preferred to the selection using AIC technique on occasions where the
selections using the two techniques do not agree. However, Hurvich and Tsai (1989) and
Bedrick and Tsai (1994) proved that with the inclusion of the constant factor, AICc is
more powerful in identifying the optimal model than BIC. Consequently, both BIC and
AICc techniques are used in identifying the optimal model. Input explanatory variables
are selected for each model based on the result from the causality test in section 5 and are
incorporated in the models alongside previous output values.

The following is a summary of the input explanatory variables selected for the univariant
ARMA and GARCH models, which are variables identified in the causality test in section
4 that are significantly related to the respective output, as referred to Table 3.5 above.

Output Univariant ARMA and GARCH models

Term structure, employment index in construction, building plans passed
index, J256 return

Manufacturing index, employment index in construction, building plans
passed index, changing CPIX index, J255 return

J255 return

J256 return

J255 return Term structure, gilt-equity ratio, employment index in construction, building
deviation plans passed index
J256 return

deviation Term structure, building plans passed index

Term structure, gilt-equity ratio, changing CPIX index, unexpected

Retail return changing CPIX

Office return Changing CPIX index

Industrial return | Manufacturing index, changing CPIX index

Retail return Gilt-equity ratio, building plans passed index, changing GDP, changing
deviation CPIX index, office return deviation, prime lending rate

Gilt-equity ratio, building plans passed index, changing GDP, changing
CPIX index, unexpected changing CPIX, industrial return deviation,
changing prime lending rate

Office return
deviation

Industrial return

deviation Manufacturing index, prime lending rate

Table 4.1: Explanatory variables selected for ARMA and GARCH models

The maximum lag investigated for both parts of the univariant ARMA model, the
autoregressive part and the moving average part, is limited to 8. Similarly for the
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GARCH model, the lag for the autocorrelative variance (P) and the error variance (Q) is
limited to 8. The lag of the explanatory factors for both type of models investigated are 1,
2 and 4 respectively. Since the log likelihood function is available for both of these
models, Equation 18.1 and Equation 21 are used to calculate the AIC (AICc) and BIC
values respectively. The parameters of the optimal univariant models for each output are
tabulated below.

Univariant ARMA Univariant GARCH

AlICc BIC AlICc BIC
J255 Return (6,2,1) (6,2,1) (1,1,2) (1,1,2)
J256 Return (1,3,1) (1,3,1) (1,1,1) (1,1,1)
Retail Return (1,4,1) (1,4,1) (2,5,2) (2,5,2)
Office Return (1,3,4) (1,3,4) (1,1,1) (1,1,1)
Industrial Return (1,3,2) (1,3,2) (1,4,4) (1,4,4)
J255 Return Deviation (6,1,1) (6,1,1) (3,1,1) (3,1,1)
J256 Return Deviation (1,1,2) (1,1,1) (1,4,1) (1,2,1)
Retail Return Deviation (1,3,1) (1,3,1) (3,5,1) (3,5,1)
Office Return Deviation (1,2,1) (1,2,1) (1,6,1) (1,6,1)
Industrial Return Deviation (3,1,1) (1,1,1) (3,1,1) (3,1,1)

Table 4.2: Result of the information criterion test for the univariant models

The first two parameters represent the lag of the autoregressive part (R) and the lag of the
moving average part (M) of the optimal ARMA model. Similarly, the first two
parameters represent the lag of the autocorrelative variance (P) and the error variance (Q)
of the optimal GARCH model. The final parameter represents the lag of the explanatory
variable. Generally, the tests result from both methods yield the same optimal model with
the exception of the ARMA and GARCH model for J256 Return Deviation and the
ARMA model for direct industrial return deviation. In these cases, AICc method selects a
slightly more complex model than the BIC method, which contradicts the finding in the
work of Hurvich and Tsai (1989). Consequently, further evaluation of models selected by
both methods is made.
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The following is a summary of the input explanatory variables selected for the
multivariant VAR and neural network models.

Output | VAR and Neural Network
Four (4) explanatory variables

J255 Return and Term structure, gilt-equity ratio, employment index in construction,

Deviation building plans passed index
J256 Return and Manufacturing index, employment index in construction, building plans
Deviation passed index, term structure

Retail Return and | Gilt-equity ratio, changing CPIX index, changing GDP, building plans
Deviation passed index

Office Return and | Gilt-equity ratio, changing CPIX index, building plans passed index,
Deviation changing prime lending rate

Industrial Return Manufacturing index, gilt-equity ratio, prime lending rate, changing
and Deviation CPIX index

Two (2) explanatory variables

J255 Return and
Deviation

J256 Return and
Deviation

Retail Return and
Deviation

Office Return and
Deviation
Industrial Return
and Deviation

Gilt-equity ratio, building plans passed index

Building plans passed index, term structure

Gilt-equity ratio, changing CPIX index

Gilt-equity ratio, changing CPIX index

Manufacturing index, prime lending rate

Table 4.3: Explanatory variables selected for VAR and neural network models

The maximum lag investigated for the VAR model is 6. For each lag, a model with four
explanatory variables (two of the best performed explanatory variables for each output)
and a model with two explanatory variables (the best performed explanatory variable for
each output) are investigated. These variables are summarised in Table 4.3 above. The
number of lags investigated for neural network models are 1, 2 and 4 respectively.
Similar to the VAR model, for each number of lag, a model with four explanatory factors
and a model with two explanatory factors are investigated. The maximum number of
neurons investigated for the model is 50 and the transfer function investigated are the
linear function, the logistic function and the softmax function (Equation 6.1 to 6.3 in
Appendix E) defined in the software. For these models, equation 20 and equation 23
above are used to calculate the AIC (AICc) and BIC values respectively, since log
likelihood functions are not available and both types of models produce multiple outputs.
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VAR Neural Metwork
AlCc BIC AlCc BIC
J255 Return and Deviation (4,2) (1,2) (4,4,2,Linear) | (2,2,1,Linear)
J256 Return and Deviation (4,2) (1,2) (4,4,2,Linear) | (2,2,1,Linear)
Retail Return and Deviation (3,2) (1,2) (4,2,2,Linear) | (2,2,2,Linear)
Office Return and Deviation (3,2) (1,2) (4,2,2,Linear) | (2,2,2,Linear)
Industrial Return and Deviation (3,2) (1,2) (4,2,2,Linear) | (2,2,1,Logistic)

Table 4.4: Result of the information criterion test for VAR and neural network

For VAR models, the first parameter represents the lag of the model and the second
parameter represents the number of explanatory factor to be use in the model. For neural
network models, the first parameter represents the number of neurons in the middle layer,
the second parameter represents the number of explanatory factors in the model, the third
parameters represents the lag of the explanatory factors and the last parameter represents
the type of transfer function selected for the neurons. Unlike the univariant models, the
test results from both methods do not yield the same optimal model. The AICc method
tends to select a more complex model that the BIC method, in particular for VAR model,
BIC selected the simplest model as the optimal model for all of the output. As discussed
in the work of Bedrick and Tsai (1994), the result from both methods should be
considered and thus further investigation is made of the models from both methods

The result of all the models evaluated in the optimisation process using the information
criterion tests is outlined in Appendix E.

6.4 Summary

In this section, the model optimisation process is investigated. The process involves the
implementation of information criterion test. Two established tests were consider, namely
the AICc and the BIC test. The BIC test is widely used in previous research and the AICc
test is an enhanced method derived from the AIC test, which is also widely used in
previous research.

Thereafter, the optimising parameters for each type of models are defined. For the
ARMA, GARCH and VAR models, the parameters are the lag variables in each
respective model. For the neural network model, the parameters are the number of
neurons and the type of transfer functions on the output layer. In addition, the number of
explanatory variables (macroeconomic factors) and their lags are also optimised.

The optimal models calculated using the AICc test and BIC test are generally identical
for the ARMA and GARCH models. The lag for the autoregressive (AR) component does
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not exceed 3, with the exception of the ARMA models for J255 return and return
deviation. This finding corresponds with the observation in section 3.2.2, as the lag
increases, the correlation between current output (return or return deviation) and previous
outputs decreases. In the case of the ARMA models for J255 return and return deviation,
the lag for the autoregressive (AR) component is 6, which correlated to the finding in the
correlograms of the two outputs. In both cases, the correlogram indicates a significant
correlation level between the current value and the value 6 periods (lags) ago. The tests
also identified that simple models with low lag values and fewer parameters are optimal
for this application.

The result from the optimisation process of the VAR and neural network is quite different
in comparison to the result above. The models calculated from the two tests do not agree
with one another. The optimal models identified by AICc are more accurate than the
models identified by BIC. However, the optimal models identified by BIC are simpler
than the models identified by AICc. Once again, the tests identified simple models with
low lag values and fewer parameters for this application. The general lag for the
explanatory variables in the optimal models is 1 or 2 periods. This is an indication that
the effect of the macroeconomic factors on the outputs (return or return deviation) is only
significant up to 2 periods.
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7 Model comparison and evaluation

In this final section, the performances of each type of models with the optimal
configuration identified in section 6 are compared and evaluated. Each model is
evaluated under two main scenarios, namely the long-term prediction scenario and the
short-term prediction scenario. The predicted result from each models is then compared
with the actual result both graphically (for long-term prediction scenario only) and
analytically, by means of a set of comparison tools used in previous research.

7.1 Performance comparison tools

As previously discussed, two types of performance comparison methods are employed in
this research. The first method is the graphical method, where the predicted results are
plotted against the actual results. This method is the simplest method of evaluating the
performances of the models but is highly subjective, as discussed in Ebert et al. (2008).
Consequently, the analytical method is also introduced in this research, which provides
information regarding the performance of a model that one might overlook or is not
apparent using the graphical method. The following benchmarks are used for the
analytical method, as employed in Qi and Maddala (1999), Egrioglu et al. (2008) and Qi
and Zhang (2001). In the research of Brook and Tsolacos (2001; 2003) and West and
Worthington (2004), only the first four criterions are considered.

1. Mean squared error,

MSE = Z— (24)
n

y predicted output by the model
y actual output
n number of samples used for estimating the model

2. Root mean squared error,

A

s = | 209 (25)
n



50

3. Mean Absolute error,

pag = 2P =31 (26)
n

4. Mean absolute percentage error,

27

For these four criteria, a low error value is preferred as a low error value indicates
an accurately predicted value by the model under evaluation.

5. The Pearson correlation coefficient between the actual and the fitted or predicted
return (only applies for 2-step or more forecast), which is introduced in Qi and
Maddala (1999).

Where:

predicted output by the model
actual output
mean of the actual output samples

| 2| =<

mean of the predicted output samples

The range of the coefficient varies from 1 to -1 where 1 indicates that the
predicted return directly correlates to the actual value and -1 indicates that the
predicted return correlates to the inversed actual value. A high absolute value
indicates a strong correlation between the two.
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6. Direction accuracy, which measures the number of times that the model
accurately predicts the movement of the return.

Where

Yi+1
yi+l

n

DA =L (29.1)

0 otherwise

4 :{1 if (ym _y,')(j\)m _y,')>0

the i+ /-th predicted sample by the model
the i+ /-th sample in the actual output
number of samples used for estimating the model

(29.2)

The numerator in the above equation increments when the trends of the predicted
output and the actual output move in the same direction. Consequently, a high
value is preferred, since it indicates a more accurately predicted trend.

7. Modified direction accuracy, which is a modified version of the abovementioned
test, as defined in Egrioglu et al. (2008). Unlike the calculation above, the count
only increment when the trend of the predicted result differ to the trend of the
actual result. Therefore, a low value is preferred, since it indicates a more
accurately predicted trend.

Where:

and

MDA = =! (30.1)

-1
D. =(A -F) (30.2)
A=1ify, =y, <0
A=0 ify, -y >0
Fo=1 if $,,-9, <0
F,=0 ify,, -5 >0

8. Sign, which compare the number of time where the predicted value and the actual
value have the same sign, i.e. where both the predicted and the actual value are
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positive or negative. A high value indicates that most of the predicted value
follows the same sign as the actual value.

n

>

l

Sign = = (31.1)
n
Where:

1 i Vi >0
z _{ l‘f yl+1 yl+1 (312)

0 otherwise

The analytical method is used for both long-term and short-term predictions, while the
graphical method will only be used in the long-term prediction scenario, as it is not
conducive to use such technique in the short-term prediction scenario.

7.2 Long term prediction

The long term prediction scenario require the model to predict the respective output over
a long period of time (horizon) as stated in the title. The data set is manipulated using the
method defined in Qi and Zhang (2001) and Halekoh (2007). The output data is divided
into two sets of equal length, a set for training and optimising the model, which is called
the in-sample period set, and a section for verifying the performance of the model, which
is called the out-of-sample period set. As discussed in section 7.1, both of the evaluation
methods are used for this scenario. The result produced by all of the models under
investigation is plotted against the actual values below.
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Figure 3.2: Long term prediction of J255 total return deviation
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Figure 3.4: Long term prediction of J256 total return deviation
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Figure 3.6: Long term prediction of IPD retail return deviation
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Figure 3.8: Long term prediction of IPD office return deviation
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Figure 3.10: Long term prediction of IPD industrial return deviation

Using the performance comparison tools discussed in section 7.1, the performance of the
model evaluated using the analytical method is summarised in the tables below.
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Pearson
MSE RMSE MAE MAPE Coefficient DA MDA Sign
J255 Return
ARMA 0.054661 | 0.233800 | 0.191780 | 1.162100 0.198720 0.437500 | 0.612900 | 0.687500
GARCH 0.125090 | 0.353680 | 0.316220 | 1.576600 0.158340 0.500000 | 0.419350 | 0.312500
VAR (AICc) 0.070639 | 0.265780 | 0.239040 | 0.982310 0.555550 0.500000 | 0.405410 | 0.815790
VAR (BIC) 0.070639 | 0.265780 | 0.239040 | 0.982310 0.555550 0.500000 | 0.405410 | 0.815790
NN (AlCc) 0.048270 | 0.219700 | 0.190720 | 0.959460 0.561740 0.558820 | 0.424240 | 0.794120
NN (BIC) 0.099887 | 0.316050 | 0.255690 | 1.342500 0.362110 0.617650 | 0.484850 | 0.970590
J256 Return
ARMA 0.057704 | 0.240220 | 0.207020 | 0.770760 0.198480 0.515150 | 0.281250 | 0.969700
GARCH 0.033597 | 0.183290 | 0.165750 | 0.509700 0.838540 0.545450 | 0.468750 | 0.939390
VAR (AICc) 0.173220 | 0.416200 | 0.356310 | 1.399200 0.214020 0.515150 | 0.656250 | 0.424240
VAR (BIC) 0.173220 | 0.416200 | 0.356310 | 1.399200 0.214020 0.515150 | 0.656250 | 0.424240
NN (AlCc) 0.266310 | 0.516050 | 0.402350 | 1.301400 -0.085614 0.548390 | 0.433330 | 0.419350
NN (BIC) 0.116380 | 0.341150 | 0.281670 | 0.977390 -0.148930 0.483870 | 0.500000 | 0.645160
IPD Retail Return
ARMA 0.036715 | 0.191610 | 0.170620 | 0.658800 -0.902260 0.538460 | 0.640000 | 0.961540
GARCH 0.033271 | 0.182400 | 0.163150 | 0.640940 -0.603470 0.538460 | 0.560000 | 0.961540
VAR (AICc) 0.013306 | 0.115350 | 0.102450 | 0.407440 -0.542380 0.538460 | 0.760000 | 0.961540
VAR (BIC) 0.013306 | 0.115350 | 0.102450 | 0.407440 -0.542380 0.538460 | 0.760000 | 0.961540
NN (AlCc) 0.003792 | 0.061576 | 0.057485 | 0.230930 0.976880 0.520000 | 0.208330 | 0.960000
NN (BIC) 0.003731 | 0.061083 | 0.057077 | 0.228530 0.985680 0.520000 | 0.208330 | 0.960000
IPD Office Return
ARMA 0.015308 | 0.123720 | 0.108450 | 0.594820 -0.057087 0.384620 | 0.560000 | 0.961540
GARCH 0.016202 | 0.127290 | 0.107780 | 0.558360 0.002002 0.384620 | 0.560000 | 0.961540
VAR (AICc) 11.664000 | 3.415200 | 1.903300 | 6.591400 0.780230 0.730770 | 0.280000 | 0.961540
VAR (BIC) 11.664000 | 3.415200 | 1.903300 | 6.591400 0.780230 0.730770 | 0.280000 | 0.961540
NN (AlCc) 0.000663 | 0.025739 | 0.021369 | 0.114040 0.990780 0.400000 | 0.250000 | 0.960000
NN (BIC) 0.000250 | 0.015801 | 0.012027 | 0.069639 0.992790 0.640000 | 0.083333 | 0.960000
IPD Industrial Return
ARMA 0.019650 | 0.140180 | 0.127000 | 0.468070 0.944020 0.153850 | 0.560000 | 0.961540
GARCH 0.014757 | 0.121480 | 0.102600 | 0.446760 0.673760 0.307690 | 0.440000 | 0.884620
VAR (AICc) 0.041785 | 0.204410 | 0.189150 | 0.739150 0.627140 0.153850 | 0.480000 | 0.961540
VAR (BIC) 0.041785 | 0.204410 | 0.189150 | 0.739150 0.627140 0.153850 | 0.480000 | 0.961540
NN (AlCc) 0.000829 | 0.028789 | 0.025324 | 0.088808 0.996980 0.440000 | 0.166670 | 0.960000
NN (BIC) 0.009368 | 0.096788 | 0.081477 | 0.278370 0.986590 0.680000 | 0.291670 | 0.960000

Table 5.1: Comparison between different models for long-term return prediction
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Pearson
MSE RMSE MAE MAPE Coefficient DA MDA Sign
J255 Return Deviation
ARMA 0.001386 | 0.037233 | 0.030135 | 0.972280 0.200910 0.567570 | 0.638890 | 0.945950
GARCH 0.002000 | 0.044723 | 0.033441 | 0.630450 0.086779 0.567570 | 0.472220 | 0.837840
VAR (AICc) 0.000926 | 0.030433 | 0.022992 | 0.769440 -0.132350 | 0.657890 | 0.621620 | 0.973680
VAR (BIC) 0.000926 | 0.030433 | 0.022992 | 0.769440 -0.132350 | 0.657890 | 0.621620 | 0.973680
NN (AlCc) 0.002472 | 0.049722 | 0.039247 | 1.134100 -0.169750 | 0.500000 | 0.545450 | 0.705880
NN (BIC) 0.002573 | 0.050726 | 0.039442 | 0.889140 -0.195480 | 0.588240 | 0.545450 | 0.705880
J256 Return Deviation
ARMA (AICc) 0.013381 | 0.115670 | 0.084794 | 3.102800 -0.255890 | 0.545450 | 0.625000 | 0.666670
ARMA (BIC) 0.011837 | 0.108800 | 0.084019 | 3.340300 -0.260370 | 0.545450 | 0.687500 | 0.666670
GARCH (AICc) 0.001621 | 0.040265 | 0.029856 | 1.121700 -0.180550 | 0.636360 | 0.406250 | 0.909090
GARCH (BIC) 0.002202 | 0.046922 | 0.035452 | 1.287700 -0.197530 | 0.636370 | 0.375000 | 0.666670
VAR (AICc) 0.001811 | 0.042553 | 0.035193 | 1.466000 -0.020984 | 0.666670 | 0.593750 | 0.818180
VAR (BIC) 0.001811 | 0.042553 | 0.035193 | 1.466000 -0.020984 | 0.666670 | 0.593750 | 0.818180
NN (AlCc) 0.001793 | 0.042347 | 0.028133 | 1.473500 -0.098766 | 0.806450 | 0.433330 | 0.967740
NN (BIC) 0.000961 | 0.031003 | 0.022035 | 1.099700 0.086208 0.709680 | 0.633330 | 0.967740
IPD Retail Return Deviation
ARMA 0.002015 | 0.044883 | 0.034977 | 0.908800 -0.706830 | 0.320000 | 0.250000 | 0.440000
GARCH 0.000692 | 0.026297 | 0.020318 | 0.523070 -0.283200 | 0.400000 | 0.333333 | 0.960000
VAR (AICc) 0.000301 | 0.017349 | 0.011098 | 0.262430 -0.308050 | 0.500000 | 0.560000 | 0.961540
VAR (BIC) 0.000301 | 0.017349 | 0.011098 | 0.262430 -0.308050 | 0.500000 | 0.560000 | 0.961540
NN (AlCc) 0.000328 | 0.018111 | 0.012199 | 0.284730 0.630740 0.440000 | 0.500000 | 0.960000
NN (BIC) 0.000247 | 0.015705 | 0.009570 | 0.223690 0.242010 0.560000 | 0.500000 | 0.960000
IPD Office Return Deviation
ARMA 0.009032 | 0.095038 | 0.073153 | 3.119100 -0.456870 | 0.320000 | 0.708330 | 0.200000
GARCH 0.000687 | 0.026219 | 0.020492 | 1.122500 -0.381120 | 0.480000 | 0.625000 | 0.960000
VAR (AICc) 24.851000 | 4.985100 | 2.815400 | 85.552000 | -0.812120 | 0.307690 | 0.720000 | 0.038462
VAR (BIC) 24.851000 | 4.985100 | 2.815400 | 85.552000 | -0.812120 | 0.307690 | 0.720000 | 0.038462
NN (AlCc) 0.001262 | 0.035518 | 0.024953 | 0.911680 -0.231960 | 0.400000 | 0.500000 | 0.440000
NN (BIC) 0.001768 | 0.042052 | 0.031395 | 1.296900 -0.167820 | 0.360000 | 0.458330 | 0.320000
IPD Industrial Return Deviation
ARMA (AICc) 0.000377 | 0.019410 | 0.017833 | 1.131000 0.484480 0.576920 | 0.520000 | 0.961540
ARMA (BIC) 0.000609 | 0.024673 | 0.023164 | 1.428600 0.464040 0.615380 | 0.560000 | 0.961540
GARCH 0.032478 | 0.180220 | 0.163190 | 8.027500 -0.673500 | 0.307690 | 0.560000 | 0.384620
VAR (AICc) 0.000973 | 0.031194 | 0.027566 | 1.813300 -0.354950 | 0.538460 | 0.680000 | 0.961540
VAR (BIC) 0.000973 | 0.031194 | 0.027566 | 1.813300 -0.354950 | 0.538460 | 0.680000 | 0.961540
NN (AlCc) 0.000148 | 0.012177 | 0.009120 | 0.596480 -0.18221 0.360000 | 0.625000 | 0.960000
NN (BIC) 0.000038 | 0.006183 | 0.004562 | 0.331100 0.831450 0.520000 | 0.375000 | 0.960000

Table 5.2: Comparison between different models for long-term deviation prediction




60

The following is observed for each output based on the two performance comparison
approaches.

7.2.1]J255 return and return deviation

The ARMA and the neural network models optimised using the AICc method produces
the most accurate J255 return forecast, particularly between 2005 and 2008 where the
volatility in the market was accurately predicted. This is confirmed in the evaluation
using the analytical method, where these two models produce the lowest error. The
models predicted the return fairly accurately as the actual trend is not too volatile and
quite predictable. However, referring to Figure 3.1, the reaction time of the predicted
result to directional changes is delayed by 2 to 3 periods. Term structure, employment
index and building plans passed index are variables that appear to provide accurate
indications on the trend of the return as they are found in both of the models, and are
identified in the causality test to be strongly related to the J255 return.

The trend of the J255 return deviation appears to be highly volatile and it is much more
difficult to forecast this output. This is particularly evident in the analysis using the
graphical method where the movement of the output trends from the models deviates
significantly from the actual trend. Referring to Figure 3.2, the neural network model
optimised using the AICc method once again produces the most accurate forecast,
followed by the GARCH model and the neural network model optimised using the BIC
method. The result from the analytical method however contradicts this finding. It
indicated that the VAR models produces the most accurate J255 return deviation forecast,
with the least error, where the output trend forecasted from these two models is constant.
A possible cause of this difference could be that the predicted trends from the VAR
models hovers around the average of the actual trend and doesn’t fluctuates significantly
around the actual trend, which leads to a higher mean square error value. Gilt-equity
ratio and building plans passed index are the explanatory variables found in all of the
optimal models, of which gilt-equity ratio is the significant variable in the forecast of the
deviation.

7.2.2 J256 return and return deviation

The ARMA and the GARCH models produce the most accurate J256 return forecast, as
refer to Figure 3.3. The analysis using the analytical method verified this finding. The
actual trend of the J256 return is more volatile than the J255 return but it can still be
accurately forecasted using these two models throughout the forecast period between
2002 and 2008. Manufacturing index, employment index and building plans passed index
are variables that appear to provide accurate indications of the trend of the return, as they
are found in both of the models and are identified in the causality test to be strongly
related to the J256 return.
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Once again, the trend of the J256 return deviation appears to be highly volatile and is
very difficult to forecast. With the exception of the neural network model optimised using
the BIC method, Figure 3.4 shows that none of the models appear to forecast the actual
trend. This result coincides with the evaluation using the analytical method where it
produces the lowest mean square error and a relatively high directional accuracy. The
reaction time of the model to directional change is slightly delayed as referred to in
Figure 3.4. Term structure and building plans passed index are explanatory variables used
in all of the models and their influence on predicting the return deviation is minimal.

7.2.3 Retail return and return deviation

Both of the neural network models produce the most accurate forecast of the retail return.
This is evident in the analysis using both the graphical and the analytical methods. Since
the actual trend is not volatile, the models can produce a highly accurate forecast. The
explanatory variables that contribute to the forecast are the gilt-equity ratio and the
changing CPIX index, which are significantly related to retail return, as evident in the
causality test above.

The actual trends of the retail return deviation remain fairly constant between 2002 and
2005 and rise sharply between 2006 and 2008. The VAR models and the neural network
models predict the constant period fairly accurately but none of the models are able to
predict the sudden sharp rise between 2006 and 2008 (last 8 periods). The result from the
analytical method indicates that the neural network model optimised with the BIC
method predicted the trend with the highest accuracy. Similar to the retail return model,
the gilt-equity ratio and the changing CPIX index are the two variables that contribute to
the forecast.

7.2.4 Office return and return deviation

The result from the graphical method again indicates that both of the neural network
models produce the most accurate forecast of the office return. The result from the
analytical method indicates that the most accurate model is the neural network model
optimised using the BIC method. The actual trend is not volatile and the models can
produce highly accurate forecasts. The explanatory variables that contribute to the
forecast are the gilt-equity ratio and the changing CPIX index.

The neural network models are able to predict the office return deviation between 2002
and 2004 and none of the models are able to predict the fluctuation in the deviations
thereafter. The result from the analytical method indicates that the GARCH model
produces the best forecast but this is due to the fact that the GARCH model predicted a
trend that oscillates around the actual trend between 2002 and 2006. Similar to the retail
return model, the gilt-equity ratio and the changing CPIX index are the two variables that
contribute to the forecast.
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7.2.5 Industrial return and return deviation

The neural network model optimised using the AICc method produce the most accurate
forecast of the industrial return. This is evident in the analysis using both the graphical
and the analytical methods. The actual trend once again is not volatile and the model can
produce a highly accurate forecast. The explanatory variables that contribute to the
forecast are the manufacturing index and the prime lending rate, which contribute highly
to the retail return, as evident in the causality test above.

Both of the neural network models produce fairly accurate prediction of the industrial
deviation trend. However, the neural network optimised using the BIC method is the only
model able to predict the gradual rise in the trend between 2006 and 2008. This is
substantiated in the result from the analytical method, where the data indicates that this
model best predicts this trend. Similar to the retail return model, the manufacturing index
and the prime lending rate are the two variables that contribute to the forecast.

7.2.6 Variance analysis

So far in this section, only the predicted mean is analysed. Since the variance component
of the GARCH model is time-varying, the variance part of the predicted return or return
deviation should also be analysed. With the exception of the GARCH model, the
variances of all of the other models are constant. The tables below summarized the
standard deviation of these models.

J255 Return J256 Return Retail Return | Office Return | Industrial Return
Actual 0.159640 0.182290 0.067392 0.088302 0.104760
ARMA 0.075587 0.079617 0.012041 0.012462 0.011655
VAR (AICc) 0.037300 0.316300 0.011600 3.000000 0.026700
VAR (BIC) 0.009500 0.038400 0.009900 0.117900 0.010900
NN (AICc) 0.129000 0.298900 0.045500 0.087700 0.075700
NN (BIC) 0.295200 0.203600 0.044800 0.097500 0.151600

Table 6.1: Standard deviations of all the models with constant variance for return
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J255 Return J256 Return Retail Return | Office Return | Industrial Return
Deviation Deviation Deviation Deviation Deviation
Actual 0.026516 0.025782 0.011943 0.015662 0.011229
ARMA (AICc) 0.020551 0.018079 0.001539 0.004455 0.005400
ARMA (BIC) 0.020551 0.018118 0.001539 0.004455 0.006400
VAR (AICc) 0.007200 0.030600 0.002100 4.200000 0.009700
VAR (BIC) 0.000700 0.003300 0.001700 0.036600 0.013900
NN (AlCc) 0.022900 0.028100 0.002900 0.016600 0.005900
NN (BIC) 0.019200 0.013600 0.001800 0.020500 0.005700

Table 6.2: Standard deviations of all models with constant variances for return deviation

The standard deviations of the accurately predicted indirect return trends (from the
ARMA and the NN (AICc) models) tend to be slightly lower than the actual trends,
which is a reflection of the predicted trends being less volatile than the actual trends.
Similarly, the standard deviations of the accurately predicted direct returns trends (from
neural networks) also tend to be slightly lower than the actual trends. For both indirect
and direct return, the standard deviations of the predicted trends from the VAR model are
either very high or very low. This is an indication that the predicted trends from this
model either fluctuate excessively or remain constant, which corresponds with the result
from the graphical method. A similar result was identified in the analysis of the standard
deviations of the accurately predicted return deviation trends, where they are lower than
the actual value.

Since the actual outputs are presumed to have a constant variance, it is not helpful to
directly compare the variance trends of the GARCH model to the variance of the actual
trends. In order to understand the impact on the variance due to the returns and return
deviations, the predicted variance is therefore plotted against the actual returns and return
deviations.
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The results above indicate that the GARCH variance generally remains constant or
increases linearly with time, with the exception of J256, where the trend decreases from
the beginning and remains constant. In all of the outputs, the variance function does not
follow the trends of the actual output. It can be concluded that there is very little
correlation between the actual output and the movement of the variance in a GARCH
model, and that a variance based forecast model, such as the GARCH model, does not
improve on the forecasting of return and return deviation.

7.3 Impulse response of long-term prediction models

Based on the optimal models identified in the long-term prediction section above (section
7.2), the effects of each explanatory (input) variables on the output of the model are
investigated. The impulse response technique is a widely used technique used in many
previous investigations, namely the works of Brooks and Tsolacos (1999; 2003), West
and Worthington (2004) and McCue and Kling (1994). In this research, a shock of 1
standard deviation is injected into each of the inputs separately and the (output) response
is investigated. The effect on the response is measured in terms of a standard deviation
unit. For example, if the predicted output resulting from the injected impulse is one
deviation higher or lower than the predicted output with normal inputs, then there is 1
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unit change in the result. The response change is plotted over 20 periods for all of the
optimal models and is located in appendix F.

Besides the response for the ARMA model predicting J255 return and the industrial
return, the effect is due to impulse shock deviated to zero within 10 periods. In the J255
return and the industrial return, the effect decreases gradually to approximately 0.2 and
0.5 units respectively at the 20" period. Unlike the ARMA model, the graphs in appendix
F indicate that the impulse shock has virtually no effect whatsoever on the GARCH
model and the neural network model, as these models absorb the shock within 2 periods.
Generally, the shock with the biggest impact on the predicted output of the ARMA model
is the autocorrelative variable, i.e. the AR component. While for the GARCH model and
the neural network model, the explanatory variables can cause the biggest shock to the
output. The impact on the response due to the shocks injected into the GARCH model
and neural network are investigated further. The magnitude of the response due to the
shocks injected into the GARCH model and neural network are tabulated below.

J255 J255 deviation
J255 1.00000 -0.13217
Term structure 0.35841 -0.46998
Gilt equity -1.37300 -4.84453
Employment 2.65298 3.06900
Building plans 0.15632 -0.67204
J255 deviation 0.17942 1.00000

Table 7.1: Magnitude of impulse response of NN(AICc) model for J255 return

Table 7.2: Magnitude of impulse response of GARCH model for J256 return

J256
J256 1.00000
Manufacturing index 0.06088
Employment 0.01512
Building plans -0.02557
Changing CPIX -0.03017
J255 -0.17028




J256 deviation
J256 deviation 1.00000
Term structure 22.12524
Building plans -1.80131
J256 -3.65365
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Table 7.3: Magnitude of impulse response of NN(BIC) model for J256 return deviation

Retail return

Retail return

Gilt equity

Changing CPIX

Retail return deviation

1.00000
0.26958
0.00088
-0.02632

Table 7.4: Magnitude of impulse response of NN(BIC) model for retail return

Office return
Gilt equity
Changing CPIX

Office return deviation

Office return Office return deviation
1.00000 -24.24876
-0.09026 43.69154
0.08582 -11.42289
0.21864 1.00000

Table 7.5: Magnitude of impulse response of NN(BIC) model for office return

Retail return deviation

Gilt-equity
Changing CPIX
Retail return

Retail return deviation

1.00000
1.18390
0.97150
1.66690

Table 7.6: Magnitude of impulse response of NN(BIC) model for retail return deviation
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Office return

deviation
Office return deviation 1.00000
Gilt-equity 2.60380
Building plans -6.06120
Changing GDP 0.56474
Changing CPIX -1.75810
Unexpected CPIX 0.11791
Changing prime lending rate -0.68379
Industrial return deviation 8.18940

Table 7.7: Magnitude of impulse response of GARCH model for office return deviation

Industrial return
Industrial return 1.00000
Gilt-equity 0.04180
Manufacturing index 0.04968
Industrial return deviation -0.24367

Table 7.8: Magnitude of impulse response of NN(AICc) model for industrial return

Industrial return deviation
Industrial return 0.05510
Prime lending rate -0.09644
Manufacturing index 0.09766
Industrial return deviation 1.00000

Table 7.9: Magnitude of impulse response of NN(BIC) model for industrial return
deviation

In most of the results above, the shock with the biggest impact on the predicted output of
the models is the autocorrelative variable. However, there are some variables that have
significant impact on a few of the outputs, such as the gilt-equity ratio, the employment
rate index, the term structure, the changing CPIX and the building plans passed index.
The change in the gilt-equity ratio has significant impact on the J255 output and the
office return deviation. The employment rate index also has significant impact on the
J255 output. Similarly, the building plans passed index and the industrial return deviation
has significant impact on the office return deviation. The J256 return deviation is very
sensitive to the change in the term structure.

For the GARCH model, the impact due to autocorrelative shock, i.e. shock in the return
or return deviation on the variance, is also investigated. The percentage change in
standard deviation with and without the shock is plotted in appendix F over 20 periods.
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The result indicates that the shock applied to J256 return and the office return deviation
has significant impact on the variance of the respective GARCH models. The impact of
the shock on the variances of all three models decreases exponentially with time to less
than 10% at the 20" period.

7.4 Short term prediction

Lastly, as previously discussed, the short term prediction scenario is investigated. This
investigation is employed in the works of Brook and Tsolacos (1999; 2001; 2003). In this
research, three different forecasts are investigated, namely the 1-step, 2-steps and 4-steps
ahead forecast. Once again, the data are separated into two sets, where one set (in-sample
period set) is for training and optimising the initial model. However, the second set (out-
of-sample period set) is used for both verification and optimisation. In the second set, the
samples are first used for verification and performance evaluation. When the model
forecasts in subsequent period, the actual samples are used for updating and retraining the
model. This forecasting method is known as the recursive forecasting method and it
allows the model to evolve with the environment that it is forecasting. This technique
mimics closely the real life situation where the user only requires the developed model to
perform in the short term forecast, a matter of few quarters ahead forecast. The results of
all three scenarios are summarised in the table below. The Pearson Coefficient is only
calculated for 2-step and 4-step ahead forecasts, as it requires at least two predictions or
more to calculate the value. The presented values are the mean of the values calculated
after each forecast.
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MSE RMSE MAE MAPE DA MDA Sign
J255 Return
ARMA 0.009854 | 0.083651 | 0.083651 | 0.704860 | 0.593750 | 0.406250 | 1.000000
GARCH 774.2200 | 6.396800 | 6.396800 | 367.8900 | 0.483870 | 0.516130 | 0.806450
VAR (AICc) 0.029779 | 0.132740 | 0.132740 | 1.024500 | 0.552630 | 0.447370 | 0.947370
VAR (BIC) 0.028528 | 0.131130 | 0.131130 | 1.382000 | 0.552630 | 0.447370 | 0.947370
NN (AlCc) 0.032236 | 0.140130 | 0.140130 | 1.289800 | 0.500000 | 0.500000 | 0.970590
NN (BIC) 0.079996 | 0.149470 | 0.149470 | 0.785230 | 0.441180 | 0.558820 | 0.970590
J256 Return
ARMA 0.007522 | 0.070169 | 0.070169 | 0.408400 | 0.696970 | 0.303030 | 0.969700
GARCH 5270.900 | 23.88800 | 23.88800 | 136.4600 | 0.727270 | 0.272730 | 0.848480
VAR (AICc) 0.034246 | 0.142660 | 0.142660 | 0.528030 | 0.454550 | 0.545450 | 0.939390
VAR (BIC) 0.026509 | 0.126080 | 0.126080 | 0.587170 | 0.484850 | 0.515150 | 1.000000
NN (AlCc) 0.027113 | 0.132580 | 0.132580 | 0.582300 | 0.451610 | 0.548390 | 1.000000
NN (BIC) 0.015560 | 0.095989 | 0.095989 | 0.492410 | 0.483870 | 0.516130 | 1.000000
IPD Retail Return
ARMA 0.000983 | 0.018833 | 0.018833 | 0.083135 | 0.615380 | 0.384620 | 1.000000
GARCH 0.025719 | 0.123090 | 0.123090 | 0.607890 | 0.461540 | 0.538460 | 0.961540
VAR (AICc) 0.000611 | 0.018570 | 0.018570 | 0.090941 | 0.500000 | 0.500000 | 1.000000
VAR (BIC) 0.000787 | 0.023255 | 0.023255 | 0.108720 | 0.384620 | 0.615380 | 1.000000
NN (AlCc) 0.000198 | 0.011623 | 0.011623 | 0.056107 | 0.760000 | 0.240000 | 1.000000
NN (BIC) 0.000160 | 0.009911 | 0.009911 | 0.046859 | 0.760000 | 0.240000 | 1.000000
IPD Office Return
ARMA 0.000283 | 0.013162 | 0.013162 | 0.113130 | 0.730770 | 0.269230 | 1.000000
GARCH 0.016547 | 0.109480 | 0.109480 | 0.565960 | 0.346150 | 0.653850 | 1.000000
VAR (AICc) 0.000583 | 0.021332 | 0.021332 | 0.153610 | 0.269230 | 0.730770 | 1.000000
VAR (BIC) 0.000520 | 0.018836 | 0.018836 | 0.120150 | 0.307690 | 0.692310 | 1.000000
NN (AlCc) 0.000091 | 0.007955 | 0.007955 | 0.052945 | 0.760000 | 0.240000 | 1.000000
NN (BIC) 0.000126 | 0.009217 | 0.009217 | 0.057107 | 0.800000 | 0.200000 | 1.000000
IPD Industrial Return
ARMA 0.000306 | 0.009217 | 0.009217 | 0.052799 | 0.769230 | 0.230770 | 1.000000
GARCH 0.003958 | 0.048553 | 0.048553 | 0.215190 | 0.423080 | 0.576920 | 1.000000
VAR (AICc) 0.000529 | 0.019007 | 0.019007 | 0.115090 | 0.192310 | 0.807690 | 1.000000
VAR (BIC) 0.000488 | 0.019378 | 0.019378 | 0.099219 | 0.269230 | 0.730770 | 1.000000
NN (AlCc) 0.000107 | 0.008237 | 0.008237 | 0.034334 | 0.640000 | 0.360000 | 1.000000
NN (BIC) 0.000095 | 0.008063 | 0.008063 | 0.035733 | 0.560000 | 0.440000 | 1.000000

Table 8.1: Comparison between different models for 1-step return forecast
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MSE RMSE MAE MAPE DA MDA Sign
J255 Return Deviation
ARMA 0.001021 | 0.025437 | 0.025437 | 0.874630 | 0.595240 | 0.404760 | 1.000000
GARCH 0.000906 | 0.024277 | 0.024277 | 0.809450 | 0.595240 | 0.404760 | 1.000000
VAR (AICc) 0.001015 | 0.025011 | 0.025011 | 0.876580 | 0.657890 | 0.342110 | 0.973680
VAR (BIC) 0.000803 | 0.021108 | 0.021108 | 0.778140 | 0.657890 | 0.342110 | 1.000000
NN (AlCc) 0.001288 | 0.026879 | 0.026879 | 0.915940 | 0.647060 | 0.352940 | 1.000000
NN (BIC) 0.001375 | 0.027788 | 0.027788 | 0.806630 | 0.617650 | 0.382350 | 0.970590
J256 Return Deviation
ARMA (AICc) 0.000942 | 0.023518 | 0.023518 | 0.944340 | 0.727270 | 0.272730 | 1.000000
ARMA (BIC) 0.000958 | 0.022742 | 0.022742 | 0.994010 | 0.696970 | 0.303030 | 1.000000
GARCH (AICc) | 0.004791 | 0.031298 | 0.031298 | 1.166200 | 0.666670 | 0.333330 | 0.969700
GARCH (BIC) 9.128200 | 0.592300 | 0.592300 | 22.833000 | 0.696970 | 0.303030 | 1.000000
VAR (AICc) 0.001537 | 0.031482 | 0.031482 | 1.604900 | 0.636360 | 0.363640 | 0.969700
VAR (BIC) 0.000921 | 0.022838 | 0.022838 | 1.253700 | 0.666670 | 0.333330 | 1.000000
NN (AlCc) 0.001248 | 0.026659 | 0.026659 | 1.482400 | 0.709680 | 0.290320 | 1.000000
NN (BIC) 0.001122 | 0.024169 | 0.024169 | 1.196500 | 0.677420 | 0.322580 | 1.000000
IPD Retail Return Deviation
ARMA 0.000947 | 0.017031 | 0.017031 | 0.468220 | 0.600000 | 0.400000 | 0.960000
GARCH 1.414921 | 0.469245 | 0.469245 | 20.88453 | 0.714286 | 0.700000 | 0.961540
VAR (AICc) 0.000025 | 0.003572 | 0.003572 | 0.094210 | 0.307690 | 0.692310 | 1.000000
VAR (BIC) 0.000034 | 0.004406 | 0.004406 | 0.119440 | 0.230770 | 0.769230 | 1.000000
NN (AlCc) 0.000175 | 0.008028 | 0.008028 | 0.172440 | 0.360000 | 0.640000 | 1.000000
NN (BIC) 0.000220 | 0.009074 | 0.009074 | 0.198130 | 0.400000 | 0.600000 | 1.000000
IPD Office Return Deviation
ARMA 0.000019 | 0.003474 | 0.003474 | 0.180061 | 0.720000 | 0.280000 | 0.840000
GARCH 0.005781 | 0.033960 | 0.033960 | 1.499500 | 0.280000 | 0.720000 | 0.880000
VAR (AICc) 0.000059 | 0.006307 | 0.006307 | 0.298420 | 0.230770 | 0.769230 | 0.961540
VAR (BIC) 0.000092 | 0.008451 | 0.008451 | 0.401270 | 0.115380 | 0.884620 | 0.961540
NN (AlCc) 0.000181 | 0.010338 | 0.010338 | 0.427680 | 0.360000 | 0.640000 | 0.960000
NN (BIC) 0.000069 | 0.006536 | 0.006536 | 0.337870 | 0.440000 | 0.560000 | 0.960000
IPD Industrial Return Deviation
ARMA (AICc) 0.000500 | 0.010675 | 0.010675 | 0.579575 | 0.520000 | 0.480000 | 0.884620
ARMA (BIC) 0.000022 | 0.003307 | 0.003307 | 0.206420 | 0.423077 | 0.576923 | 0.875000
GARCH 99.89423 | 2.598345 | 2.598345 | 125.9842 | 0.333333 | 0.666667 | 1.000000
VAR (AICc) 0.000073 | 0.005569 | 0.005569 | 0.315070 | 0.461540 | 0.538460 | 1.000000
VAR (BIC) 0.000098 | 0.005934 | 0.005934 | 0.322950 | 0.461540 | 0.538460 | 1.000000
NN (AlCc) 0.000132 | 0.009611 | 0.009611 | 0.505990 | 0.200000 | 0.800000 | 1.000000
NN (BIC) 0.000121 | 0.009898 | 0.009898 | 0.495740 | 0.240000 | 0.760000 | 1.000000

Table 8.2: Comparison between different models for 1-step return deviation forecast
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Pearson
MSE RMSE MAE MAPE Coefficient DA MDA Sign
J255 Return
ARMA 0.016414 | 0.116120 | 0.108010 | 1.096900 0.161290 0.483870 | 0.935480 | 0.500000
GARCH 8041.900 | 17.96200 | 15.18200 | 276.8500 -0.200000 0.450000 | 1.100000 | 0.433330
VAR (AICc) 0.040206 | 0.166420 | 0.158590 | 1.273600 0.243240 0.527030 | 0.837840 | 0.418920
VAR (BIC) 0.034177 | 0.151340 | 0.144060 | 1.551000 0.081081 0.554050 | 0.918920 | 0.472970
NN (AlCc) 0.043783 | 0.166570 | 0.153250 | 1.423600 0.030303 0.484850 | 0.939390 | 0.484850
NN (BIC) 0.122150 | 0.166430 | 0.154260 | 0.949520 -0.030303 0.424240 | 1.121200 | 0.500000
J256 Return
ARMA 0.019544 | 0.117460 | 0.106730 | 0.533540 0.062500 0.531250 | 0.843750 | 0.468750
GARCH 6721.100 | 27.74600 | 27.07400 | 116.2100 0.062500 0.625000 | 0.750000 | 0.406250
VAR (AICc) 0.047821 | 0.186030 | 0.173830 | 0.761370 0.125000 0.515630 | 1.000000 | 0.453130
VAR (BIC) 0.033359 [ 0.158910 | 0.149460 | 0.804370 0.000000 0.421880 | 1.031300 | 0.500000
NN (AlCc) 0.056528 | 0.161110 | 0.151640 | 0.818270 0.066667 0.450000 | 1.033300 | 0.483330
NN (BIC) 0.018276 | 0.121980 | 0.110210 | 0.539500 0.066667 0.450000 | 1.033300 | 0.500000
IPD Retail Return
ARMA 0.000524 | 0.018967 | 0.017397 | 0.084245 0.040000 0.580000 | 0.720000 | 0.500000
GARCH 0.013929 | 0.098995 | 0.098008 | 0.379230 0.040000 0.560000 | 0.920000 | 0.500000
VAR (AICc) 0.001256 | 0.026225 | 0.024972 | 0.121060 0.280000 0.440000 | 0.880000 | 0.500000
VAR (BIC) 0.001353 | 0.031124 | 0.029965 | 0.137820 -0.120000 0.340000 | 1.200000 | 0.500000
NN (AlCc) 0.000177 | 0.011309 | 0.010708 | 0.050644 0.666670 0.791670 | 0.291670 | 0.500000
NN (BIC) 0.000355 | 0.015505 | 0.014550 | 0.075514 0.583330 0.708330 | 0.458330 | 0.500000
IPD Office Return
ARMA 0.000710 | 0.022180 | 0.020368 | 0.178670 0.440000 0.580000 | 0.560000 | 0.500000
GARCH 0.016130 | 0.108880 | 0.108370 | 0.561020 0.280000 0.360000 | 1.000000 | 0.500000
VAR (AICc) 0.001150 | 0.030674 | 0.029353 | 0.218030 -0.040000 0.240000 | 1.240000 | 0.500000
VAR (BIC) 0.000926 | 0.025992 | 0.024917 | 0.162360 0.120000 0.280000 | 1.160000 | 0.500000
NN (AlCc) 0.000105 | 0.008673 | 0.007916 | 0.058484 0.750000 0.750000 | 0.333330 | 0.500000
NN (BIC) 0.000206 | 0.011998 | 0.011458 | 0.072258 0.916670 0.625000 | 0.375000 | 0.500000
IPD Industrial Return
ARMA 0.000227 | 0.012245 | 0.011185 | 0.055472 0.440000 0.700000 | 0.400000 | 0.500000
GARCH 0.004532 | 0.055542 | 0.053808 | 0.242860 0.120000 0.420000 | 1.040000 | 0.500000
VAR (AICc) 0.001201 | 0.027582 | 0.026305 | 0.157490 -0.200000 0.200000 | 1.400000 | 0.480000
VAR (BIC) 0.000839 | 0.025780 | 0.024917 | 0.126370 0.200000 0.220000 | 1.120000 | 0.500000
NN (AlCc) 0.000093 | 0.007538 | 0.006966 | 0.031235 0.750000 0.666667 | 0.416667 | 0.500000
NN (BIC) 0.000054 | 0.017572 | 0.016783 | 0.069085 0.750000 0.666667 | 0.416667 | 0.500000

Table 8.3: Comparison between different models for 2-step return forecast
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Pearson
MSE RMSE MAE MAPE Coefficient DA MDA Sign
J255 Return Deviation
ARMA 0.001034 | 0.028529 | 0.025677 | 0.887930 0.222220 0.611110 | 0.805560 | 0.500000
GARCH 0.682230 | 0.174840 | 0.171560 | 7.764500 -0.121950 | 0.597560 | 0.951220 | 0.541670
VAR (AICc) 0.000979 | 0.026280 | 0.023704 | 0.848940 0.027027 0.662160 | 0.810810 | 0.500000
VAR (BIC) 0.000856 | 0.024993 | 0.022107 | 0.826620 -0.297300 | 0.648650 | 0.972970 | 0.500000
NN (AlCc) 0.001225 | 0.031146 | 0.027444 | 0.838510 -0.151520 | 0.621210 | 0.969700 | 0.500000
NN (BIC) 0.001584 | 0.031703 | 0.028389 | 0.798770 0.212120 0.606060 | 0.787880 | 0.484850
J256 Return Deviation
ARMA (AICc) 0.000891 | 0.024891 | 0.022776 | 0.899060 0.625000 0.812500 | 0.343750 | 0.484380
ARMA (BIC) 0.000912 | 0.025612 | 0.022874 | 0.927920 0.250000 0.734380 | 0.656250 | 0.500000
GARCH (AICc) 0.000892 | 0.024507 | 0.021032 | 0.989580 0.062500 0.734380 | 0.687500 | 0.500000
GARCH (BIC) 11.75500 | 0.703030 | 0.693170 | 22.49700 0.187500 0.734380 | 0.687500 | 0.484380
VAR (AICc) 0.001500 | 0.034289 | 0.030947 | 1.466300 0.187500 0.625000 | 0.750000 | 0.484380
VAR (BIC) 0.001041 | 0.026715 | 0.023918 | 1.430300 -0.312500 | 0.687500 | 0.968750 | 0.500000
NN (AICc) 0.001205 | 0.030330 | 0.026447 | 1.317100 -0.266670 | 0.650000 | 0.966670 | 0.483330
NN (BIC) 0.000981 | 0.026959 | 0.023752 | 1.314400 -0.066667 | 0.700000 | 0.833330 | 0.500000
IPD Retail Return Deviation
ARMA 0.000207 | 0.010622 | 0.009749 | 0.340195 0.083333 0.456522 | 0.958333 | 0.500000
GARCH 307.1200 | 3.700100 | 2.720100 | 87.75500 -0.360000 | 0.340000 | 1.240000 | 0.440000
VAR (AICc) 0.000042 | 0.004990 | 0.004736 | 0.129730 0.040000 0.300000 | 1.160000 | 0.500000
VAR (BIC) 0.000055 | 0.005686 | 0.005506 | 0.149400 -0.120000 | 0.260000 | 1.320000 | 0.500000
NN (AICc) 0.000023 | 0.004021 | 0.003811 | 0.114200 0.583330 0.375000 | 0.875000 | 0.500000
NN (BIC) 0.000194 | 0.008847 | 0.008686 | 0.197620 0.333330 0.500000 | 0.791670 | 0.500000
IPD Office Return Deviation
ARMA 0.000346 | 0.010071 | 0.008530 | 0.494123 0.250000 0.645800 | 0.625000 | 0.437500
GARCH 0.018862 | 0.050777 | 0.047877 | 2.686600 0.083333 0.250000 | 1.208300 | 0.416670
VAR (AICc) 0.000111 | 0.008607 | 0.008236 | 0.387690 -0.040000 | 0.180000 | 1.280000 | 0.460000
VAR (BIC) 0.000158 | 0.011150 | 0.010797 | 0.520100 -0.280000 | 0.100000 | 1.520000 | 0.440000
NN (AlCc) 0.000113 | 0.009111 | 0.008899 | 0.546860 0.416670 0.312500 | 0.958330 | 0.416670
NN (BIC) 0.000037 | 0.004717 | 0.004482 | 0.267040 0.500000 0.520830 | 0.708330 | 0.479170
IPD Industrial Return Deviation
ARMA (AICc) 0.001310 | 0.061149 | 0.056270 | 4.500000 -0.333000 | 0.500000 | 1.110000 | 0.400000
ARMA (BIC) 0.000059 | 0.005475 | 0.005091 | 0.354212 -0.250000 | 0.416667 | 1.166667 | 0.420000
GARCH 0.010947 | 0.038429 | 0.037864 | 1.857500 -0.120000 | 0.240000 | 1.320000 | 0.420000
VAR (AICc) 0.000121 | 0.007423 | 0.007089 | 0.438890 -0.120000 | 0.440000 | 1.080000 | 0.500000
VAR (BIC) 0.000153 | 0.007596 | 0.007415 | 0.447660 -0.280000 | 0.440000 | 1.160000 | 0.500000
NN (AICc) 0.000030 | 0.004545 | 0.004416 | 0.253580 0.166667 0.416667 | 1.041700 | 0.500000
NN (BIC) 0.000031 | 0.004446 | 0.004331 | 0.246040 0.250000 0.395830 | 1.000000 | 0.500000

Table 8.4: Comparison between different models for 2-step return deviation forecast
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Pearson
MSE RMSE MAE MAPE Coefficient DA MDA Sign
J255 Return
ARMA 0.028194 | 0.149270 | 0.134150 | 1.489100 0.264490 0.491380 | 0.632180 | 0.715520
GARCH 7878.100 | 24.76900 | 16.19500 | 202.6000 0.113380 0.464290 | 0.642860 | 0.598210
VAR (AICc) 0.060972 | 0.222190 | 0.203850 | 1.354700 0.319930 0.535710 | 0.609520 | 0.600000
VAR (BIC) 0.041166 | 0.176660 | 0.161480 | 1.466600 0.115430 0.557140 | 0.628570 | 0.721430
NN (AlCc) 0.038495 | 0.163430 | 0.145840 | 1.931100 0.365090 0.500000 | 0.634410 | 0.741940
NN (BIC) 0.061474 | 0.172500 | 0.147040 | 1.002300 0.132280 0.362900 | 0.677420 | 0.709680
J256 Return
ARMA 0.022613 | 0.130030 | 0.115000 | 0.696280 0.251750 0.600000 | 0.544440 | 0.716670
GARCH 5920.000 | 25.54000 | 23.75400 | 93.42900 0.346560 0.600000 | 0.544440 | 0.633330
VAR (AICc) 0.067988 | 0.232180 | 0.211950 | 0.942030 0.153530 0.525000 | 0.666670 | 0.608330
VAR (BIC) 0.043644 | 0.190320 | 0.174020 | 0.953560 0.047916 0.466670 | 0.700000 | 0.750000
NN (AlCc) 0.027599 | 0.147980 | 0.132100 | 0.845890 0.072827 0.464290 | 0.702380 | 0.705360
NN (BIC) 0.016930 | 0.126410 | 0.106730 | 0.546970 0.286430 0.464290 | 0.642860 | 0.732140
IPD Retail Return
ARMA 0.002083 | 0.037059 | 0.032566 | 0.139960 -0.064986 0.478260 | 0.565220 | 0.750000
GARCH 0.016081 | 0.111590 | 0.108160 | 0.417870 -0.316970 0.500000 | 0.768120 | 0.750000
VAR (AICc) 0.003362 | 0.041689 | 0.038408 | 0.174520 0.189720 0.402170 | 0.565220 | 0.750000
VAR (BIC) 0.002883 | 0.046032 | 0.043075 | 0.190070 -0.304830 0.217390 | 0.884060 | 0.750000
NN (AlCc) 0.000480 | 0.020054 | 0.018031 | 0.083562 0.729760 0.636360 | 0.318180 | 0.750000
NN (BIC) 0.000329 | 0.015267 | 0.013815 | 0.068563 0.884510 0.681820 | 0.227270 | 0.750000
IPD Office Return
ARMA 0.002106 | 0.040388 | 0.035976 | 0.267860 0.062300 0.467390 | 0.492750 | 0.750000
GARCH 0.015615 | 0.108540 | 0.106810 | 0.544940 -0.179400 0.391300 | 0.753620 | 0.750000
VAR (AICc) 0.003103 | 0.051579 | 0.047464 | 0.330590 -0.169620 0.206520 | 0.753620 | 0.728260
VAR (BIC) 0.002375 | 0.043468 | 0.039876 | 0.260670 -0.073473 0.239130 | 0.840580 | 0.739130
NN (AlCc) 0.000228 | 0.014365 | 0.013177 | 0.084172 0.757450 0.534090 | 0.212120 | 0.750000
NN (BIC) 0.000379 | 0.017673 | 0.016176 | 0.107480 0.844560 0.477270 | 0.257580 | 0.750000
IPD Industrial Return
ARMA 0.001138 | 0.029671 | 0.025517 | 0.113060 0.188350 0.456520 | 0.521740 | 0.750000
GARCH 0.005379 | 0.063277 | 0.059379 | 0.252060 0.254650 0.423910 | 0.608700 | 0.750000
VAR (AICc) 0.003700 | 0.047666 | 0.042964 | 0.228590 -0.179790 0.228260 | 0.898550 | 0.717390
VAR (BIC) 0.002112 | 0.041147 | 0.038061 | 0.183200 0.250750 0.260870 | 0.652170 | 0.750000
NN (AlCc) 0.000135 | 0.010023 | 0.008948 | 0.037517 0.827470 0.647730 | 0.227270 | 0.750000
NN (BIC) 0.000929 | 0.024416 | 0.022129 | 0.086449 0.746040 0.647730 | 0.242420 | 0.750000

Table 8.5: Comparison between different models for 4-step return forecast
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Pearson
MSE RMSE MAE MAPE Coefficient DA MDA Sign
J255 Return Deviation
ARMA 0.001063 | 0.030676 | 0.025566 | 0.941130 -0.170420 0.632350 | 0.617650 | 0.735290
GARCH 0.684800 | 0.185020 | 0.179690 | 6.322200 0.005448 0.583330 | 0.649570 | 0.711540
VAR (AICc) 0.000947 | 0.028003 | 0.023922 | 0.836210 0.085902 0.642860 | 0.580950 | 0.750000
VAR (BIC) 0.000844 | 0.026785 | 0.022947 | 0.849000 -0.063641 0.657140 | 0.714290 | 0.750000
NN (AlCc) 0.001338 | 0.034211 | 0.028498 | 0.942110 -0.058416 0.596770 | 0.612900 | 0.733870
NN (BIC) 0.001165 | 0.031610 | 0.025947 | 0.843340 -0.072486 0.604840 | 0.709680 | 0.733870
J256 Return Deviation
ARMA (AICc) 0.000963 | 0.027814 | 0.023860 | 1.006700 0.417460 0.758330 | 0.400000 | 0.725000
ARMA (BIC) 0.001049 | 0.029386 | 0.024484 | 1.121500 0.230910 0.700000 | 0.522220 | 0.725000
GARCH (AlCc) | 0.000761 | 0.024659 | 0.019062 | 0.981060 0.285100 0.725000 | 0.555560 | 0.750000
GARCH (BIC) 14.44500 | 0.837030 | 0.818120 | 40.87900 0.259310 0.691670 | 0.566670 | 0.741670
VAR (AICc) 0.001431 | 0.036198 | 0.029492 | 1.389800 -0.059904 | 0.641670 | 0.577780 | 0.708330
VAR (BIC) 0.000915 | 0.027592 | 0.022377 | 1.284900 -0.140590 0.708330 | 0.711110 | 0.750000
NN (AICc) 0.001393 | 0.033232 | 0.028334 | 1.683800 0.116330 0.660710 | 0.595240 | 0.750000
NN (BIC) 0.000760 | 0.025064 | 0.020493 | 1.268100 0.068113 0.750000 | 0.678570 | 0.750000
IPD Retail Return Deviation
ARMA 0.001321 | 0.025339 | 0.023071 | 0.700934 0.076068 0.431818 | 0.651510 | 0.663040
GARCH 0.156954 | 0.226910 | 0.216806 | 8.922188 0.010136 0.466667 | 0.577775 | 0.717390
VAR (AICc) 0.000088 | 0.007532 | 0.006772 | 0.190640 0.287240 0.358700 | 0.637680 | 0.750000
VAR (BIC) 0.000102 | 0.007682 | 0.007067 | 0.194140 -0.078331 0.304350 | 0.826090 | 0.750000
NN (AICc) 0.000174 | 0.008888 | 0.008379 | 0.201740 0.409500 0.568180 | 0.484850 | 0.750000
NN (BIC) 0.000175 | 0.008530 | 0.007988 | 0.186030 0.319980 0.522730 | 0.545450 | 0.750000
IPD Office Return Deviation
ARMA 0.001825 | 0.021958 | 0.019613 | 1.142830 -0.088966 0.488636 | 0.621205 | 0.725000
GARCH 0.110070 | 0.095859 | 0.084771 | 5.095500 -0.133420 0.238640 | 0.772730 | 0.568180
VAR (AICc) 0.000309 | 0.014652 | 0.013147 | 0.617810 -0.254000 0.119570 | 0.884060 | 0.630430
VAR (BIC) 0.000346 | 0.016761 | 0.015408 | 0.771530 -0.451570 0.130430 | 1.058000 | 0.576090
NN (AlCc) 0.000305 | 0.014043 | 0.013282 | 0.626380 0.216820 0.352270 | 0.606060 | 0.556820
NN (BIC) 0.000380 | 0.017189 | 0.016253 | 0.873530 -0.001110 0.136360 | 0.757580 | 0.727270
IPD Industrial Return Deviation
ARMA (AICc) 0.003731 | 0.029680 | 0.025851 | 1.492360 -0.095481 0.363636 | 0.772719 | 0.541300
ARMA (BIC) 0.000128 | 0.008746 | 0.008079 | 0.606275 -0.034685 0.409091 | 0.742418 | 0.492000
GARCH 0.003891 | 0.028854 | 0.027794 | 1.861078 0.120250 0.483333 | 0.577778 | 0.717390
VAR (AICc) 0.000236 | 0.011414 | 0.010454 | 0.725600 -0.088390 0.358700 | 0.739130 | 0.750000
VAR (BIC) 0.000237 | 0.010193 | 0.009686 | 0.672640 -0.285700 0.347830 | 0.826090 | 0.750000
NN (AICc) 0.000041 | 0.005531 | 0.004994 | 0.259800 0.440500 0.590910 | 0.545450 | 0.750000
NN (BIC) 0.000028 | 0.004724 | 0.004404 | 0.253140 0.525710 0.465910 | 0.500000 | 0.750000

Table 8.6: Comparison between different models for 4-step return deviation forecast
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worst performing models from the above forecasts are summarised

below.
1-step 2-steps 4-steps

Best Worst Best Worst Best Worst
J255 Return ARMA GARCH ARMA GARCH ARMA GARCH
J255 Return Deviation VAR(BIC) NN(BIC) VAR(AICc) GARCH VAR(AICc) GARCH
J256 Return ARMA GARCH ARMA GARCH NN(BIC) GARCH
J256 Return Deviation ARMA GARCH ARMA(AICc) | GARCH(BIC) |GARCH(AICc)|GARCH(BIC)
Retail Return NN(BIC) GARCH NN(AICc) GARCH NN(BIC) GARCH
Retail Return Deviation VAR(AICc) GARCH NN(AICc) GARCH NN(BIC) GARCH
Office Return NN(AICc) GARCH NN(AICc) GARCH NN(AICc) GARCH
Office Return Deviation NN(BIC) GARCH NN(BIC) GARCH NN(AICc) GARCH
Industrial Return NN(Both) GARCH NN(AICc) GARCH NN(AICc) GARCH
Industrial Return Deviation [ ARMA(BIC) GARCH NN(BIC) GARCH NN(BIC) |ARMA(AICc)

Table 8.7: Summary of the best and the worst performing models for short-term forecast

7.4.1J255 return and return deviation

The ARMA model is the best performing model and the GARCH model is the worst
performing model for all short-term forecasts of the J255 return. This result corresponds
with the finding in the long term prediction. The performance of the neural network
model optimised using the AICc method, which is the optimal model for long term
prediction, is average.

The VAR model proves to be the most accurate in predicting the J255 return deviation
with the lowest error and highest directional accuracy for the three short-term forecasts,
VAR model optimised using the BIC method for 1-step forecast and VAR model
optimised using the AICc method for 2-steps and 4-steps forecasts. This finding
corresponds with the findings of the analytical method for long term prediction and even
in the work of Brook and Tsolacos (2001). However, as evident in the result of the
graphical method for long term prediction, VAR model predicts the trend of the actual
return deviation poorly and can produce highly misleading results. The neural network
model optimised using the BIC model is the worst performing model for 1-step forecast
and the GARCH model is the worst performing model for 2-step and 4-step forecasts,
which are fairly accurate models for long-term forecast.

7.4.2 J256 return and return deviation

The ARMA model is the best performing model for 1-step and 2-steps forecasts of the
J256 return and the neural network model optimised using the BIC model is the best
performing model for 4-step forecasts of the J256 return. Likewise, the ARMA model is
also one of the best performing models for long-term forecast. The GARCH model is
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once again identified as the worst performing model for all short-term forecasts of the
J256 return. On the contrary, this model is identified to be one of the best performing
models for long-term prediction.

The ARMA model is the best performing model for 1-step and 2-steps forecasts of the
J256 return deviation and the GARCH model optimised using the AICc model is the best
performing model for 4-step forecasts of the J256 return deviation. The forecasting power
of the neural network model optimised using the BIC method, which is the best
performing model for long term prediction, improves with increasing number of
forecasting steps. The GARCH model is the worst performing model for 1-step and 2-
steps forecasts of the J256 return deviation and the GARCH model, optimised using the
BIC model, is the worst performing model for 4-step forecasts of the J256 return
deviation.

7.4.3 Retail return and return deviation

Similar to the long term prediction analysis, the neural network models produce the most
accurate forecasts of the retail return. The GARCH model is the worst performing model
for all three forecasts of the retail return, which concur with the finding of the analytical
method for long term prediction.

The VAR model is the best performing model for 1-step forecast of the retail return
deviation and the neural network model is the best performing model for 2-steps and 4-
steps forecast of the retail return deviation. The GARCH model is again the worst
performing model for all three forecasts of the retail return deviation, which concurs with
the findings of the analytical method for long term prediction.

7.4.4 Office return and return deviation

Similar to previous return and the long term prediction analysis result, the neural network
models produce the most accurate forecast of the office return and office return
deviations. The GARCH model is the worst performing model for all of the forecasts.

7.4.5 Industrial return and return deviation

The neural network models produce the most accurate forecasts of the industrial return
and the GARCH model produces the least accurate forecasts of the industrial return.

The ARMA model, optimised using the BIC method, is the best performing model for 1-
step forecast of the industrial return deviation and the neural network model optimised
using the BIC model is the best performing model for 2-steps and 4-steps forecasts of the
industrial return deviation. Likewise, the neural network model optimised using the BIC
model is the best performing model for long term prediction. The GARCH model is again
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the worst performing model for 1-step and 2-steps forecasts of the industrial return
deviation and the ARMA model optimised using the AICc model is the worst performing
model for 4-steps forecasts of the industrial return deviation.

7.5 Summary

The long-term and short-term prediction performances of the ARMA, GARCH, VAR and
neural network models with optimal parameters and explanatory variables are evaluated
in this section. Two different methods are used in the evaluation, namely the graphical
method and the analytical method.

The long-term indirect return prediction indicates that the ARMA model and the neural
network models are the preferred model, while for the long-term direct return predictions
the neural network significantly outperformed other models.

However, for long-term predictions of return deviation, the result is not so clear-cut,
mainly because the trends are so much more difficult to predict. The ARMA, GARCH
and neural network models are able to predict return deviations with similar accuracy.
Even though the result from the analytical method indicates that the VAR model
performed better than the other models in specific cases, the result from the graphical
method indicates that the output produced by the model is insensitive to the changes in
the actual trend and can produce misleading results. Lastly, it is evident that the accuracy
of the predictions of direct return deviation decreased significantly from 2006 onward.
This is due to the increase in the gap between the properties with the highest and the
lowest return. For example, the differences in return for retail and industrial property in
2006 are 13.4% and 5.2% respectively, which are higher than in previous years.

For short-term return predictions, the result is similar where the ARMA model and the
neural network optimised using the AICc method are the best performing models. The
neural network model is the preferred choice for direct return predictions. Again, it is
much more difficult to define the best models in predicting short-term return deviation as
various models are able to predict return deviations with similar accuracy. In general, the
GARCH model is inferior in producing short term forecast. The result of the analysis is
tabulated below.
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Long term

Short term

J255 Return

J256 Return

Retail Return

Office Return

Industrial Return

J255 Return Deviation
J256 Return Deviation
Retail Return Deviation
Office Return Deviation
Industrial Return Deviation

ARMA(6,2,1)/NN(4,4,2,Linear)
ARMA(1,3,1)/GARCH(1,1,1)
NN(both models)
NN(both models)
NN(both models)
NN(4,4,2,Linear)
NN(2,2,1,Linear)
NN(2,2,2,Linear)
NN(4,2,2,Linear)
NN(2,2,1,Logistic)

ARMA(6,2,1)
ARMA(1,3,1)/NN(2,2,1,Linear)
NN(both models)
NN(both models)
NN(both models)
VAR(4,2)/ARMA(6,1,1)
ARMA(1,1,2)/GARCH(1,4,1)
NN(both models)
NN(both models)
NN(2,2,1,Logistic)/ARMA(1,1,1)

Table 9: Summary of analysis for the long-term and the short-term prediction

The following is a summary of the accuracy of the prediction of the optimal model for
each return and return deviation and the associated explanatory variables used in the

models.

Output Forecast accuracy Explanatory Variables
J255 Return Fair Term structure, employmgnt index, building
plans passed index
J256 Return Poor Manufact_ur_ing index, employ_rnent index,
building plans passed index
Retail Return Good Gilt ity ratio. changing CPIX ind
-e ratio, changin nde
Office Return Very Good irequity rat 9ng neex
Industrial Return Very Good Manufacturing index, prime lending rate
J255 Return Deviation Poor Gilt-equity ratio, i%ggng plans passed
J256 Return Deviation Very Poor Term structure, building plans passed index
Retail Return Deviation Fair . . i ) )
- — Gilt-equity ratio, changing CPIX index
Office Return Deviation Very Poor
Industrial Return Deviation Very Good Manufacturing index, prime lending rate

Table 10: Summary of accuracy of predictions and variables used by optimal models

Referring to the table above, the models are able to predict the trends of the J255 indirect
returns fairly accurately. However, the models cannot accurately predict the trends of the
J256 indirect property return and the indirect return deviations. The models are able to
predict both the trends and the actual value of the direct return and the industrial return
deviation accurately. The retail return deviation is predicted by the models fairly
accurately, except in the last 8 periods, where none of the models predicted the sudden
rise and the office return deviation cannot be predicted by any of the models.
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The impulse response of the optimal long-term prediction models is analysed. For the
most part, the biggest influence on the output of the models is the autocorrelative
components. However, the output of some of the GARCH and neural network models are
more susceptible to changes in the explanatory variables such as gilt-equity ratio, term
structure and changing CPIX. This finding corresponds to the result in the causality
analysis in section 4, where these explanatory variables are closely related to the outputs
of the model under investigation.

The significance of the conditional variance from the GARCH model on the prediction of
the actual output trend is also investigated, and no relationship between the two was
found.

While the models examined in this research are far more sophisticated than previous
models used in the South African property market environment, there is a debate on
whether to deploy a complex model with few explanatory variables, or a simple model
with multiple explanatory variables, to forecast the return. In this section, it is clear that a
simple model with multiple explanatory variables such as the ARMA model is suitable
for predicting indirect returns, which are volatile and slightly stochastic in nature.
Conversely, a complex non-linear model with few explanatory variables such as the
neural network model is suitable for predicting direct returns, which slopes gradually.
However, a simple model with few explanatory variables, such as the VAR model, is not
suitable for this application.

Further to the debate above, cognisance must be taken of the limitations and shortfall of
these models. The general shortfall of these models is that their accuracies are limited to
the number of samples available, as discussed in work of Brook and Tsolacos (1999).
Since the quantity of data available for this research is fairly scarce, there is still potential
in the near future to increase the accuracy of these models. There are also technical
limitations to these models, as each of the models selected was designed to serve specific
scenarios, different from each other.

The ARMA model and the GARCH model are designed for a single output (univariant).
Resultantly, separate models are required for the return and its deviation and the number
of models required to simulate a set of return doubled, which increased the amount of
time required to develop models for a specific set of outputs. Even though there is a
multivariable derivative for these two types of model, they are highly complex and
difficult to implement in software. Furthermore, the GARCH model is designed for a
volatile environment and thus it performs much better in predicting indirect returns and
return deviations where the trend is volatile.

The VAR model and the neural network model are different from the ARMA and the
GARCH model in that they are designed to produce multiple outputs. While the VAR
model has the ability to correlate a set of input and output variables, it is an extension of a
multiple linear regression model with multiple outputs and is only suitable for linear
relationships. In a highly non-linear environment such as the one investigated in this
research, this model failed comprehensively in predicting the trend of the return.
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For non-linear relationships, the neural network model is employed, which operates like a
black box (Brook and Tsolacos, 2003). In comparison to the previous models, several
extra steps are required in order to implement a neural network model, such as
normalisation of all input and output variables and separating the data into training and
validating set. Consequently, the accuracy of this type of model relates significantly to
the size of the training data set. Furthermore, as discussed in Brook and Tsolacos (2003),
there is an underlying problem with neural network in determining direct relationships
between a variable and an output. This is because it operates in a black box manner and
there is no theory to link the relevance in the values of the weights to the relationship
between an input and an output variable.

Finally, the reason behind the introduction of the return deviation in the forecast is that
the prediction of the return deviation assists one in determining the risk of achieving the
forecast return.
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8 Conclusion

The macroeconomic factors that influence commercial property return are first identified
and investigated. These factors are inflation, term structure of interest rate, gilt-equity
yield ratio, manufacturing index, employment growth rate, building plans passed, prime
lending rate and GDP growth rate. Both indirect and direct property return are
investigated in this research. The direct property return are gathered from the IPD
commercial property data while the indirect property returns are gathered from the J255
property trust index and the J256 property loan stock index. The deviation of the return,
which is essential in determining the risk of the return value, is also extracted from the
data for evaluation. Using Granger causality technique, the term structure, employment
index and building plans passed index were identified to have significant influence in
indirect return. While the changing CPIX index and gilt-equity ratio were the factors
identified to have significant influence on direct return.

The ARMA, GARCH, VAR and MLP neural network models are used in this research to
predict and forecast the returns. The ARMA and GARCH models investigated in this
research are univariant, i.e. the model only produces one output at a time. While the VAR
and neural network models investigated are multivariant, i.e. the model can produce
multiple outputs at a time. The parameters for each type of model are identified and
optimised by means of information criterion techniques. The optimised parameters are
the number of lags, input variables and functions to be used in a neuron for neural
network.

The performances of the optimal models are then evaluated. The models are required to
perform long-term forecasting and short-term forecasting. The ARMA model predicted
the indirect return most accurately, while the neural network predicted the direct return
most accurately. This is because the indirect return trend is a volatile trend and is suitable
for the ARMA model to predict such a trend, while the direct return is less volatile and
slightly non-linear and is suitable for the neural network to predict such a trend. There
was no particular model that is preferable in predicting all of the return deviation.
Consequently, a combination of models is required in order to predict the return deviation
accurately.

The result from the performance evaluation indicates that the South African commercial
property return can be forecast, in particular the direct return. However, further
investigation is required to refine the forecast model, while this research should serve as a
stepping stone in the investigation of the relationship between macroeconomic factors
and the South African property market.



84

9 References

Akaike, H. (1974). A New Look at the Statistical Model Identification. IEEE
Transactions on Automatic Control, 19(6): 716-723.

Ball, M., Lizieri, C. and MacGregor, B.D. (1998). The Economics of Commercial
Property Market. New York: Routledge.

Bedrick, E.J. and Tsai, C. (1994). Model Selection for Multivariate Regression in Small
Samples. Biometrics, 50(1): 226-231.

Bera, A.K. and Jarque, C.M. (1980), Efficient Tests for Normality, Homoscedasticity and
Serial Independence of Regression Residuals. Economics Letters, 6(3): 255-259.

Bera, A.K. and Jarque, C.M. (1981), Efficient Tests for Normality, Homoscedasticity and

Serial Independence of Regression Residuals: Monte Carlo Evidence. Economics Letters,
7(4): 313-318.

Bollerslev, T. (1986), Generalized Autoregressive Conditional Heteroscedasticity.
Journal of Econometrics, 31(3): 307-327

Bond, ML.T. and Seiler, M.J. (1998). Real Estate Returns and Inflation: An Added
Variable Approach. Journal of Real Estate Research, 15(3): 327-338.

Borst, R.A. and McCluskey, W.J. (1997). An Evaluation of MRA, Comparable Sales
Analysis, and ANNs for the Mass Appraisal of Residential Properties in Northern Ireland.
Assessment Journal, 4(1): 47-55.

Brooks, C. and Tsolacos, S. (1999).The Impact of Economic and Financial Factors on
UK Property Performance. Journal of Property Research, 16(2): 139-152.

Brooks, C. and Tsolacos, S. (2001). Forecasting Real Estate Returns Using Financial
Spreads. Journal of Property Research, 18(3): 235-248.

Brooks, C. and Tsolacos, S. (2001a). Linkage between Property Assets Returns and
Interest Rates: Evidence for the UK. Applied Economics, 33(6): 711-719.

Brooks, C. and Tsolacos, S. (2003). International Evidence on the Predictability of
Returns to Securitized Real Estate Assets: Econometric Models versus Neural Networks.
Journal of Property Research, 20(2): 133-155.

Burnham, K.P. and Anderson, D.R. (2004). Multimodel Inference: Understanding AIC
and BIC in Model Selection. Sociological Methods and Research, 33(2): 261-304.



85

Chan, K.C., Hendershott, P.H. and Sanders, A.B. (1990). Risk and Return on Real Estate:
Evidence from Equity REITs. AREUEA Journal, 18(4): 431-452.

Chatfields, C. (2004). The Analysis of Time Series — An Introduction. 6™ Edition. USA:
Chapman and Hall CRC.

Collins, A. and Evans, A. (1994). Aircraft Noise and Residential Property Value. Journal
of Transport Economic and Policy, 28(2): 175-197.

Demuth, H.B. and Hagan, M.T. (1999). Neural Network for Control. Invited Tutorial,
1999. American Control Conference, June, 1999, San Diego, pp. 1642-1656.

Dickey, D.A. and Fuller, W.A. (1979). Distribution of the Estimators for Autoregressive
Time Series with a Unit Root. Journal of the American Statistical Association, 74(366):
427-431.

Dickey, D.A. and Said, S.E. (1984). Testing for Unit Roots in Autoregressive-Moving
Average Models of Unknown Order. Biometrika, 71(3): 599-607.

Do, A.Q. and Grudnitski, G. (1992). A Neural Network Approach to Residential Property
Appraisal. The Real Estate Appraiser, 58(3): 38—45.

Ebert, B. et al. (2008). Forecast Verification — Issues, Methods and FAQ. 4"
International Verification Methods Workshop. Retrieved 5t August 2009 from the World
Wide Web: http://www.bom.gov.au/bmrc/wefor/staft/eee/verif/verif_web_page.html.

Egriolgu, E., Aladag, C.H. and Gunay, S. (2008). A New Model Selection Strategy in
Artificial Neural Networks. Applied Mathematics and Computation, 195(2): 591-597.

Ellis, C. and Wilson, P. (2005). Can a Neural Network Property Portfolio Selection
Process Outperform the Property Market? Journal of Real Estate Portfolio Management,
11(2): 105-121.

Engle, R.F. (1982). Autoregressive Conditional Heteroscedasticity with Estimates of
Variance of United Kingdom Inflation. Econometrica, 50(4): 987-1008.

Granger, C.W.J. (1969). Investigating Causal Relations by Econometric Models and
Cross-Spectral Methods. Econometrica, 37(3): 424-438.

Ge, X.J. and Runeson, G. (2004). Modeling Property Prices Using Neural Network
Model for Hong Kong. International Real Estate Review, 7(1): 121-138.

Hetherington, J. (1998) Forecasting of rents, in MacLeary, A. And Nathakumaran, N.
(Eds.), Property Investment Theory, London: E & F N Spon (pp. 97-107).



86

Hoesli, M. (1994). Real Estate as a Hedge against Inflation: Learning from the Swiss
Case. Journal of Property Valuation and Investment, 12(3): 51-59.

Hua, G.B. (1996). Residential Construction Demand Forecasting using Economic
Indicators: A Comparative Study of Artificial Neural Networks and Multiple Regression.
Construction Management and Economics, 14(1): 10-34.

Hurvich, C.M. and Tsai, C. (1989). Regression and Time Series Model Selection in Small
Samples. Biometrics, 76(2): 297-307.

Halekoh, U. (2007). Model Selection. Retrieved 21* November 2009 from the World
Wide Web: http://gbi.agrsci.dk/statistics/courses/phd07/material/Day6/modelSelection-
handout.pdf.

Investopedia. (2009). Term Structure of Interest Rates. Retrieved 28" February 2010
from the World Wide Web: http://www.investopedia.com/terms/t/termstructure.asp.

Laio, F., Di Baldassare, G. and Montanari, A. (2009). Design flood estimation using
model selection criteria. Physics and Chemistry of the Earth, 34: 606-611.

LeSage, J.P. (1999). Spatial Econometrics. Retrieved 21" November 2009 from the
World Wide Web: http://www.spatial-econometrics.com/wbook.pdf.

Liang, Y. and Mclntosh, W. (1998). Employment Growth and Real Estate Return: Are
They Linked? Journal of Real Estate Portfolio Management, 4(2): 125-168.

Ling, D.C. and Naranjo, A. (1997). Economic Risk Factors and Commercial Real Estate
Returns. Journal of Real Estate Finance and Economics, 14(3): 283-307.

Ling, D.C. and Naranjo, A. (1998). The Fundamental Determinants of Commercial Real
Estate Returns. Real Estate Finance, 14(4): 13-24.

Lizieri, C. and Satchell, S. (1997). Interactions Between Property and Equity Markets:
An Investigation of Linkages in the United Kingdom 1972-1992. Journal of Real Estate
Finance and Economics, 15(1): 11-26.

Liow, K.H. (2000). The Dynamics of the Singapore Commercial Property Market.
Journal of Property Research, 17(4): 279-291.

Liow, K.H. (2004). Time-Varying Macroeconomic Risk and Commercial Real Estate: An
Asset Pricing Perspective. Journal of Real Estate Portfolio Management, 10(1): 47-57.

Liu, C.H. and Mei, J. (1992). The Predictability of Returns on Equity REITs and Their
Co-Movement with Other Assets. Journal of Real Estate Finance and Economics, (5):
401-418.



87

Liu, C.H., Hartzell, D.J. and Hoesli, M.E. (1997). International Evidence on Real Estate
Securities as an Inflation Hedge. Real Estate Economics, 25(2): 193-221.

Liberta (2011). Prime Interest Rate in South Africa. Retrieved 150 anuary 2011 from the
World Wide Web: http://liberta.co.za/blog/prime-interest-rate-in-south-africa-current-
and-historical.

Liberta (2011a). What is the Repo Rate. Retrieved 15" January 2011 from the World
Wide Web: http://liberta.co.za/blog/what-is-the-repo-rate/.

May, C. (2004). “An empirical analysis of the macroeconomic variables that affect stock
market return”, University of the Witwatersrand: M.Comm thesis.

Mathwork (2004). “Full Product Family Help”. Matlab Version 7 Release 14.

McCue, T. and Kling, J.L. (1987). Office Building Investment and the Macroeconomy:
Empirical Evidence, 1973-1985. Real Estate Economics, 15(3): 234-255.

McCue, T. and Kling, J.L. (1994). Real Estate Returns and the Macroeconomy: Some
Empirical Evidence from Real Estate Investment Trust Data 1972-1991. Journal of Real
Estate Research, 9(2): 277-287.

Njuguna, P.K. (2002). “Macroeconomic value drivers for Johannesburg CBD property
fund units”, University of the Witwatersrand: MBA thesis.

Nabney, 1. (2004). Netlab: Algorithm for Pattern Recognition, 4™ Edition. UK: Springer.

Onder, Z. (2000). High Inflation and Returns on Residential Real Estate: Evidence from
Turkey. Applied Economics, 32: 917-931.

Pena, D., Tiao, G.C. and Tsay, R.S. (2001). A Course in Time Series Analysis. USA:
Wiley Series.

Poensgen, R. (2000). “The Influence of Macroeconomic Factors on Residential Property
Values”, University of the Witwatersrand: MBA thesis.

Qi, M. and Maddala, G.S. (1999). Economic Factors and the Stock Market: A New
Perspective. Journal of Forecasting, 18: 151-166.

Qi, M. and Zhang, G.P. (2001). An Investigation of Model Selection Criteria for Neural
Network Time Series Forecasting. European Journal of Operational Research,
132(2001): 666-680.

Quan, D.C. and Titman, S. (1999). Do Real Estate Prices and Stock Prices Move
Together? An International Analysis. Real Estate Economics, 27(2): 183-207.



88

Rossini, P. (1997). Application of Artificial Neural Networks to the Valuation of
Residential Property. Paper Presented in the Third Annual Pacific-Rim Real Estate
Society Conference, Palmerston North, New Zealand.

Schwarz, G. (1978). Estimating the Dimension of a Model. Annals of Statistics, 6: 461-
464.

Siganos, D. and Stergiou, C. (1996). Neural Networks. Retrieved 31* May 2006 from the
World Wide Web:
http://www.doc.ic.ac.uk/~nd/surprise_96/journal/vol4/cs11/report.html.

Spiegel, M. and Boxer, R.'W. (1972). Schaum’s Outline of Theory and Problems of
Statistics in SI Units. New York: McGraw-Hill.

Stevenson, S. and Murray, L. (1999). An Examination of the Inflation Hedging Ability of
Irish Real Estate. Journal of Real Estate Portfolio Management, 5(1): 59-69.

Stock, J.H. and Watson, M.W. (2001). Vector Autoregressions. Journal of Economic
Perspectives, 15(4): 101-115.

West, T. and Worthington, A. (2004). Macroeconomic Risk Factors in Australian
Commercial Real Estate, Listed Property Trust and Property Sector Stock Returns: A
Comparative Analysis using GARCH-M, Proceedings of the Pacific Rim Real Estate
Society Conference, Bangkok, Thailand.

Wikipedia (2009a). Kurtosis. Retrieved I*'December 2009 from the World Wide Web:
http://en.wikipedia.org/wiki/Kurtosis.

Wikipedia (2009b). Jarque-Bera test. Retrieved 1* December 2009 from the World Wide
Web: http://en.wikipedia.org/wiki/Jarque % E2%80%93Bera_test.

Wikipedia (2009c). F-test. Retrieved 1*" December 2009 from the World Wide Web:
http://en.wikipedia.org/wiki/F-test.

Wikipedia (2009d). Hyperbolic function. Retrieved 1* December 2009 from the World
Wide Web: http://en.wikipedia.org/wiki/Hyperbolic_function.

Wikipedia (2009¢). Bayesian Information Criterion. Retrieved 1% December 2009 from
the World Wide Web: http://en.wikipedia.org/wiki/Bayesian_information_criterion.

Worzala, E., Lenk, M. and Silva, A. (1995). An Exploration of Neural Networks and its
Application to Real Estate Valuation. The Journal of Real Estate Research, 10(2): 185-
201.



Appendix A

Tables of input and output data

89



90

50 ICEL [ L Iy [ 5338 PO'SE [TRVEE TEEL WL 26201 BFL- O T0Z
an- I5EL IE2Z ol i D LL52 0L'58 356 00 ZEELHS rEEL BY LOF gl oFL- 0007
oo 15FL BEL Zho- oFl DFE0LY S BB aF 1ol an Livars IEEL Lt [Zig=]! - 00z
oo 15FL PEL EE0- Flir] D005 26101 0826 00 BSL0PS B8 BEAF EZH} EFL- oz
oo 15FL EDL oo 2:01] D338 SZE0L 06°ES 00 BESkES EFEL FAN FINATH BLL- i 000Z
oo 15FL Ho- PEL- £g1 D306 £0'8E BIES OUEMERSE BEL PE LIS EZ L0} z- £0/000Z
oo 15FL 560 BEL- 24 DO S3ER £3'6E L5001 aUbELLNE WEL POOLE LES oFL- 0000z
an- 15FL ZheE 1o- BV Dogk 0k 28R 1500 00 256506 \FEL Fig== it ] IEL- TO00Z
ani- 1554 EFL [i%4i] 240 DO 1826 0E 68 FE1OL angrasss IEEL Piare ELHE oEL- FO/EEST
05e- 155k 251 90 oL DO'G136 18ER 8520 ar 15veas B EL 15253 DFER EEL- £0/665T
ane- DB BHE [41] gL DO 2769 ELPE ZEPOL 00'g585.8 SEEL ZL0Le [t Pg0- 06651
05e- gk kL »0- =40 DOFI6L B384 EEHH 00506248 SEEL SEEE3 D906 8010 TO/665T
521 1562 IEL [141] 201 00'3ER #1536 OB EH o 156k FEEL [IE-TE 1588 290 FOfEEST
i) 52 20 PLO- FIN OEea - 02 1L LEGE an'skLFE SEEL SE0E3 [ F] 204 £0/565T
an- SEEL (¥4 20 oz DIEZEL 5001 il A0 a0k ks IEE 3Tk [z 5] ¥Z0- T0feE5T
oo SEEL EFL PED- L ST LE0L L3 EVSEL an ek 08 PESFS ES+E 2a- TOSE5T
anr- SEEL TN} 5Z0 [ 3] EVZ0E} EE'001 LLEE FFEESEE 5118 0FELS IS ] 200 PO LEST
oo 5202 EFE FEa 280 [EF-) FLEDL ZFEEL LB 2EEZ3 oo e VEEEa 22z B0- £0/L65T
oo 5202 EFE ELD ol PELEES L6501 ariet 05 EEa0Ea EE18 [ oFLE EAN] TS LEST
[ili3} 5202 BEE BT oz Ve LB BE DR L] B 18 85 ESE DAL oza- TOSLEST
=540 SEEL 5T 1] L ESTELOR L L gz LIETeE e L -7 oFaO- 65T
anrt- 1Bl 6bE TED £71 DO 0EEE e FOGRL 3T EDEFHS EE18 e EL9L 15a- E0365T
[iliF: 1502 BEL zrn FIN FL'CEES) AN sl 3YEEHEa olIig b 283 =47 1ED- T0/965T
oo 15EL ZE1 BOV- oL ELEPELL Gl aUER! 8 ESC02E 5E08 [IE2=E E0EL ES0- TOf965T
oo 15FL 48 1z £90 B0ELLE [0 GZESL 61512508 Wz FL00g EELL 0g0- FO/566T
[y 05 L A0 BLi0- A L0 EAVE SF LR 04el £ | EBET0R ] [L¥E oEaL [ E0/566T
51 054k BLO 550~ EFL B IFSE LEER LL0EL LRI EEEA LELEL EF0L G- TO/566T
oo SEEL B2 L FL 20F 22 OLEEL FIPEL AE FRSEEL o] B EEL 1= - TO/566T
oot SEEL BEL BI0 ol 2523064 2184 w181 LEPIIL ) WL =] ooL- O FEST
oo 5L 151 ZE0- E¥Z |EHILE ZF801 25051 FE B3 SEEL [ E93 BOZ- E0/FEST
oo 5L S 151 741 D3 HER 1806 L5ES EFIEEELL EEEL Wzzs il ] BL- T0/wEST
oo 5L 551 B0 291 EF 2601 2056 3EE51 £V EFIRaL ESEL POLFF Fif] 1gL- TO/wEST
an- 5L IED BOV0- ovl AN 1906 35591 FpiEEaL 1EEL SEaLE (v Ak:] PEL- FOSEEST
oo SEEL BL FAx1] Fi:fi] SLES0L = JEESI FIEEOLIL BELL BE E2F [ ] 51- E0/EEST
an- SEEL Fiig! 0sL- 52 [EAY 988 L5 B8 EE20RL Wil g EFE3 ESL- TOEEST
an- Sl BF'L 510 241 033459 P98 3z eal BE EE0TRE Wil Flav FrE: -] PEL- TOEEST
oo SEEL PEL FE0 21 LFEET- £9'6E BOE51 BEDEIHEL IELL I0E2F EF 33 BZZ- PO ZEST
an- SEEL 5 0] f2:41 5 E338- 22 EFESI STPERLEL SEIL 30EFF i oee- £0/TEST
an- SEEL BEL 550" 291 52 ZE3k- 8356 8Ll FEELARL SEEL B2 EEF E929 FL'L T0/TEST
oo i IEE BFO 2241 PFEZES RO FOLL 61502992 \ooe 30 EEF il Z80- TO/Z6ST
520 i 35 ES0 e LFOLE L 6996 g EFGEAAL p0E LT LLF Lar F¥0- PO/ TEST
oo ile3i4 BF'L 520" Bl B 95E- BOEH OE 1 05 PELIL EF 08 B2 EEF EF3F Pg0- £0/TEST
anri- ile3i4 E o 051 EHEZLL OL5HE 0FkLL EVEPLEIL |18 PR ELF DL FF ZFO- 70/ TEST
oo lagF4 151 BOV0- o5l BE kLA FL0 LVEL 9 95EEaL 5508 EV20F DEEF 500 TOSTEST
oo lagF4 B 510 Bl ook CEDH SUER FFOEEE3L B e EF LFF DELF EZ0- FODEST
oo gk BLL SF0 241 0 LFS- 2354 O5FE PR 18 5 Z9F LFEE 50- £0/0E5T
oo gk BLL 0] 21 B 953 LB 05561 05 EEEaL BE 18 B FFF EVEE DLa- T0DEST
oo gk 8918 83201 LHER BEESA0LL 518 S ELF ME Lo TODEST
[ili3} 0o k2 JEHELb- BLT0L I EE OUERESSL soEs LB FY0- FOfERsT
oo o oe 2128 -3 N IFEG LE2ESRLL PEES [ - £0/E85T
[IliF: o oe LOVFPEE EEENL PN BETHELL oo E 250 T0feRsT
oo DL FAR FEI0L BB 251 LE A0 Bl 48 05 298 FL- T ERsT
[I[1F 0ogL PERLL el EZIEL W E=: 1 FE3 - w0/EBET
ook oot ZhL4onk 13501 =138 97 |DEEIL [l IEZ- E0/FRET
[iliF: oL ESG 425 B30LL AL £ DESE . [iT::} 15z 705851
150 I0EL ZZ bl FTbEL 05 9% E5i 28 G E- TO/EBET
[6 ) e 15200 % wh sey =P TINIEY LB zEpUl 1o builbueys | o=pulpessed | uonannsuog EE TP ofed AnbeAns | EEpuKd SUMNANNS WL aeq
g BujBuey wasuawpg | woyvopepe | pededsain | x40 Bubues ueld Buping [UECET] 1ENER e 402 | Bupmzeinuey
payedpruy EERIETEITE]




91

=g andu) po ajqeL  TTY F|qeL
05D ogrEL OO0 E9°EEE 00 EFEFEE | U] TOfF00Z
ook ookl 95 1 B0 EFE DIE0EE V0T 00 EREREE | ] EYESE D8 191 1ag w0/ 00T
0%0 ODEL IFL BLO- wE DIEEkY1 #'GEE BEZIZ ra-Fidl -] AN Fl1- 0 =1 0/ 1007
oo 05EL 501 BE2- 2] DO FI0E 9256 GFELZ 00 1450221 Fig:] oF LFE LESFI =) ez
0%0 052l %0 FLe 224! DOk 151 BEEEE BFELZ DT ELSFLEL € Lt EEZFL 8l T/ 00T
0%0 ooEL A1 BTl Za =171 OFEEE EFPOE 00 95PESL | Frt] LEFFE ogarl =3 /2007
ook 05t Fr4 EEL- [e=F DOSEEE L90EE FO'S0E 00'0002E | ] G156 EZ0F} )] 09002
oo 0501 o5l a3 0- EZE DOGLELL ZLBEE EI'E0E o7'bEEsaL | ] AFFLE ESLEL PEQ- 000z
oo 050t ] g0 EF 1 DOFa L 2838 38502 O0'SFOLEH I o] JEERE oFEl 520 TO9007
oo 408 IOE Fig oFa DOEHHH ¥ EET ZETOE 00 LEFEEH | 4] 2E 162 LEEE} FEQ- FO500T
oo 05 oL FIa FIN:] ol DOOOSE L B'LEE 0856k OT'BLLZE 5] Fog= =] IEEEL 590 /5007
a5 050t [ ] EVE DoEav 00'v0E 80'564 00 BLEEDH | =] 0rsee LB Fa- T0/5002
oo oot 9 ovl 201 DI BI0ZH ZZPEL EFESL 00 EESFE0 18 55 LB ESEEL ELO- T/5002
- oo bt [ 591 arl O0'9056 FEBL FA=-T8 00'965230 | ] [IF4==] FEZ) ¥ L- FfF00z
- ST 2l 2zl ora DOEFSAE L B3B3k | VEEL el atal -] EUE LFLZH BFL- £0/¥00T
oo 051t ELD 150- Bl [LETEE] 09ERL AFEZL 07 0ESFa | L] EDEE LFIZL PEQ 000z
a5 401 BEE Br0- 2T D 2LFESH =L 10 B DEL OTPHELED ] BYESE EVEE} EF0- T ¥00T
a5E OO Et Wl [Eg] £50 DUSERL I FEREL 00 /56EE vIE BT EFE LEEZ} NS FOSEDOT
it g 0gFL 51 PEO ££a DOEL 1D 29024 arEzL o7 ZErakal 50E B 492 ELEZI F90- FO/ED0T
oo 0oLt 174! PE0 oga 009355 020k 3LEEL OT'6HESD BE0d {14 oozt a0 TOfEDIT
ooo [iliF18 A aF0- ol DO EFED 0604 3EDRL O0'PELED L ¥ PREOE ELZ1 Ay TOFEDOT
ook oot EFL OE - EFZ DUSZ2R [LF ]S 38554 00 5FEEE B E Fligt- CEEL} =3 00T
ook ooet 0Ll oya- @2z D0t £9'46 LB 25k O0ESEEG [NL] STESE 2831 0 FO/700T
ook oot [N GEL- EVE DOEFEZ EL°204 155 Q0PESL &6 918 SEO0F 25kLL vEQ- T T00T
ook ookt 952 20 L- 298 Do3a01 29504 el 00k EIH [irges] BLOLF EFLLE LFL- T/ 70T
_..f :.uuﬁn_- Eaanu L—n Erueqm 1=pow TIEY uopiegul =pu| f- a bl _w_.___m.._w__n_ E2fiL| pessid LED3nnsuod i = ey E_:n.w.___ﬂ_ EEPU] KldD BINNNES LsL ;eq
g Bugdueeyy wanm oy | wey copepu pensdzan | Hd3 Bubue s ueld BpIng [UEEET] 1eqlep e 439 | Bunnizenuep
payedppuy EEERENENLITE ]




92

985100 tiER0D FEEE00 Zl9g00 ooei0o BERLLD gREEL0 GERS50 oLF0s0 P0/6EET
89100 LE8E0"D FOLE0°0 258800 185400 20110 LELFLD ZSEESD 9¥285°0 £0/666T
051100 10585070 ELLIEDD 2FES0D £9840°0 Slg0LD ELBS10 GEFEL0 Z0EEE0 Z0/666T
ZEB000 tEL90°0 ZESE00 G90+00 tr1e00 SOFE0D SLaslo 291i00 £5190°0 T0/666T
ZGL100 £9850°0 lBEEDD 28500 925900 LorL0°0D FLaslo ZL060°0 099000 P0/I66T
L{S200 20950°0 19ZE0°0 94500 B0150°0 {BES0'D ZLFELD GBaL51°0 090k L'0- £0/366T
OBEEDD LFESDD OElECD ECESOD LBSED0D ZBEED'D OLELLD 2ELL0°0 aFaLlo Z0/966T
OLEFDD 02050°0 oooEdn 9L620°0 FI0EOD TEELDD 00600 2ELFLD Zarilo T0/966T
F3LE0°0 894F0°0 GEOECDD FROF00 G2L500 FEEXD'D CEFELD 26¥50°0 LGEFL'D POSL66T
fleeoo 1500 GL0EDD EEFEDD 9{EG00 Lgaioo LEBSL0 2FLL0°0 £98elL°0 EDSLHET
L{820°0 kLoD aLLEdD BESEDD gE0ELD {EEE0°0 gFEaL 0 Lgla00 ggoatko TOSL66T
SEFE00 SE8EDD 851E00 o¥aoLa Gi9al0 ELIELD +3982°0 SAE000- E20E0°0 TOfL66T
955100 9I6E0D Liggon ZEFEDD ggEalo BE0EL0 ELZLE0 298900 L9g800- vO/I66T
S8kLo0 AEEE0°0 SESE0°0 BRSO 0 reell’o EFELLD EEB26 10 SEL20°0 6045070 E0/I66T
floloo GL0t0°0 rlEE0D FOFS00 LBFil0 GE901°0 gLsaLn LR000 £5E50°0 Z0/966T
8¥=000 [R=18 ] EEOEC00 291900 0iLslo Y LEE0°D LELLLD FEGL0°0D SEETLO T0/966T
195100 SE0F0°0 SB6L00 FISEDD ggLalo EQaLLD FILLLD ELL200 FAETL0 v0/S66T
FiSE00 0g0t0'0 fEGLO0 900 G950 ZEO0TL0D BLLLLD FLEFD O 585800 £0/566T
fBsE00 FIEEN’D gas100 LE590°0 Frd= ] ZFLELD LOELL0 SE9F0°0 L 15a0°0- Z0/566T
00900 GE3E0°0 oFaLon Er 0o oRselo LIEFLD FEELLD FaaLLD GLES LD T0/566T
L5a800 0%s0880 ZLLLDO vO/vEET

oseloo TLLFED LSFELD E0/VEET

Ligenn L¥akED FlEtrlo Z0/veET

¥5900°0 L9280 alZLzo T0/veET

96LL00 SE0LLD 245900 PO/EGET

958200 ar¥350°0 a0si00 E0/E6E6T

9E3E0°0 f0gano- 50100 Z0/E6ET

sooloo E9EH00- FHOFD0 T0/E66T

FaF 100 982900 554900 PO/Z66T

Zail00 8FE20°0- FLESDO £0/Z66T

ZLFEDQD 2F900°0 FOGE0D 15900 Z0/Z66T

0ZLLO00D FFiF00 aFarLo FILLLD T0/Z66T

LEFEDD asrt00 GEEET0 98¥EZ 0 vO/T66T

£2900°0 areloo Li01E0 Z90EZ0 £0/T66T

S0L00°0 00ErL0 Z0/T66T

9g1e00 ZLLLDa TO/TGEET

SZ0e00 FA0+00 v0/06ET

0oEt00 SLEEDO ED0/066T

ElL£900 0EL98°0 Z0/066T

LESEDD OFSEED T0f066T

S6L90°0 ShrLFD vO/6RET

06L60°0 958880 E0/6RET

Fibt00 FIETE0 Z0/686T

BEEED D £210L0 T0/686T

|ELISNPU] Od] SAH0 Odl JIEIEH Od| 95T SEIr JELIFENEU] Od] SH0 Odl JIELEH Odl SEE GEIr
UDIIEAR] WIniay w3y 318




93

ejeg anding o JqeL: Ty 2|qEL

GEEFDD L0ESO0 9LE50°0 EF000- T0/8002
ZLEFDD 09830°0 LBELOD 928300 LOES00 FIESED Z9L5ED Cas+E 0 LS5EE0 BLESE D 0/ L00Z
SLGEDD LoLana 849900 L2 13900 OFs500 GLLFED ZLLEED SEOSED LB9EFO SHLEED £0/L00T
GL9EDD LFESDD +3090°0 0% 300 ESSLO00 FLWWED ZOEEED FESSED 9108E0 ZFLBED Z0/ LT
zZaegedn LB5F00 15FS0°0 L3FEDD SlEE00 BZ9EE'0 Z180E0 SEEEE0 EB68E0 SHLLLD TOL00Z
S80ED°0 LZ8ENTC SEBFO0 855F00 [£1== TN ER0EE0 Z9E6E0 gBE9ED 995880 GI9EEE 0 v0/I00Z
GRLZO0 [R=11 >/ ] FEEFOD L9500 EFBEDD SESZED ZIELED CEB9ED EBESE0 09FSL0 £0,/900T
Z6FE00 LOEEDD LLSEDD FIGE L0 L055L0 E66LE'D 25F920 CEELED 20BEFO SL0BED Z0/a00z
SE1E00 LESLDO SEEE0°0 L LaFD0 BIFS00 SFFLED Z 0580 FR9LED EB9F50 094FF0 T0/900Z
851200 EESIDO LFOEDD 200400 ELLLDD SE9lE0 L5050 EFGEED SELSFO GEOLED w0,/ S0T
ogleon FESL00 SE0ED0D L9F 100 L8£00°0 erGLE'D E0L520 LOZ0ED LELESD LFE9F0 £0/5002
180goa L5100 Sklenn FOSEDD GLESOD G2 1ZE0 k1520 marLeD ESL9¥0 e ] Z0/500Z
E¥0Z00 805100 FELEDD GEEZ00 EE0EDD SEFEZED ZGISE0 GlLLZED +ELOFO GEZLFD T0/SM0T
990200 0Lghog GEBE00 GO§300 SLFE00 QEFOED EEDEED GEROLED £5008°0 OGBO0ED LOTh TS
50200 EE0L00 FOSZ0°0 L59F00 Lokana SE¥EE0 FiR0E0 BLFBED 885820 FAGFE D £0/v00Z
ZLigon 95L00°0 GOEE00 LEGEDD SL5F00 GL¥F3E0 SLEgL0 CaBLED L8LFE0 E9FLE0 Z0/v00z
FELZO0 85500°0 EL0Z00 LBLED0D ESLE00 Fl¥Fe 0 955910 OFE9E0 GFESE0 GL9FED T/ p0Z
L08L0°0 gsokod A LEFEDD S99F00 SFiZE0 9E3FL 0 LEOFED FEBSED EEI9ED P0/EQOZ
o8k Lon [8=11 1] LELEDD SEGLD0 SRS 00 lgalen SLLEELD EEBLED LE8BE0 E9FEED E0/EM0T
ESLLO0 E£90E0°0 Q8EE00 09 00 EESEDD FLFGLO QEL0L°0 QE9G LD 9EGBE0 SLBEED Z0/EM0T
S28000 +I5E0°0 B9EE00 LIESo0 ZELROD FL- AN 9£880°0 LZRELD EBEOED 8¥LZED TO/E00Z
268000 LEBENC GEEE00 288400 BeRano 205510 LEGLDTD 158510 FE0LLO GBLOFLD w0/ 200
855000 LELEDD S8EE00 EF LLDO BELOOD FIEELD 98GE90°0 SLEFLD asaloo LELLDD £0/200T
SeoLon +BEEDND S¥EE00 LEFEDD olzooa oEakra L0ano GE9T L0 OFGE00 LEFSO0 Z0/ 200z
ZE0LD0 L59E0°0 g0gE00 0EgLoo E0200 06200 9E050°0 EZLLED gLLELD £95 1070 0/ 200
ZL0EZ00 cIZEDND QOEEDD S5E2300 FELG00 +aFe0o ZLES00 cE9LLD +8832°0 SLEGLD w0/ T0T
LS0EDD L9FE0°0 ZELE0D 9EEEDD SEF500 SEIBD'O BFF90°0 crlehn LEELED LLLDED E0/T00T
LEDFD0 SZEEN0 FaIE0D SEEFDO Libgno ELgLon SELLOD [A==rA 1] GLEEED LEFEED 0/ Tz
LLDGD0 9£810°0 SLIEDD 9EFE00 HWEEDD SRFL00 LoRL0D calEln GEGEEZ0 ZSE8E D T/ T0T
GOEFDD LEEEDD FOLEDD LEE000 S9FE00 EIEL00 E10B0°0 EBFCLD 848320 194820 ©0/000Z
L0FEDD 99F20°0 LEDZ00 008z00 L8LL00 eseion SEZ0L0 FOSLLD 2L0kE 0 EL25ED £0/0002
Q09200 clgeEno g58L0°0 0sEL00 ELLEDD SELLD0 fEFLLD SELLED LIEEED BEEEEN z0/o00z
FogLO0 L59E0°0 S88LO0 E8EELD FE0L00 GLOLD'0 05910 Stral 0 FEOES 0 L2LERD T0/000T

1ELIsnpU] Od| G40 ddl 11eied ddl EET SEI [ELIsNpLU] Od] 5340 ddl |1eed ddl 361 SET[
UD|IB AR WINlaY uan1ay a1eQ




Appendix B

Graphs of the input variables and property returns
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1.1 Introduction

This document presents the graphs of the input variables and output variables (property
returns and their deviation) for the forecasting models in this research. The autocorrelation
graphs of the output variables are also included in this document.

1.2 Graphs of the input variables

The input variables investigated in this research are the term structure of interest rate, gilt-
equity ratio, manufacturing index, employment index, building plans passed index, nominal
GDP index, changing nominal GDP index, CPIX index, changing CPIX index, prime interest
rate and changing prime interest rate. The graphs below present the trend of input variables
between 1988 and 2007.
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Figure B1.1: Term Structure (in percentage point) between 1988 and 2007
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Figure B1.2: Gilt-Equity Ratio between 1989 and 2007
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Figure B1.3: Manufacturing index between 1988 and 2008
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Figure B1.4: Employment index in the construction sector between 1988 and 2007
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Figure B1.5: Building plans passed index between 1988 and 2008
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Figure B1.6: Nominal GDP Index between 1988 and 2008

X 104
2 T

A | | | | | | | | | | | | | | | | | | |
1988 1989 1990 1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007
Year

Figure B1.7: Changing nominal GDP Index between 1990 and 2007
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Figure B1.8: CPIX Index between 1990 and 2007
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Figure B1.9: Changing CPIX Index between 1990 and 2007
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1.3 Graphs of the output variables

The output variables investigated in this research are the indirect J255 total property return,
the indirect J256 total property return, the direct IPD retail property return, the direct IPD
office property return and the direct IPD industrial property return and their return deviations.
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Figure B2.1: J255 total return between 1989 and 2008
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Figure B2.3: J256 total return between 1991 and 2007
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Figure B2.4: J256 total return deviation between 1991 and 2007
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Figure B2.5: IPD retail property return between 1995 and 2007
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Figure B2.6: IPD retail property return deviation between 1995 and 2007

0.4

0.35

0.3

0.25

IPD return - Office
o
n

o
~
o

0.1

0.05

0 | | L L L L | L
1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007
Year

Figure B2.7: IPD office property return between 1995 and 2007
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Figure B2.9: IPD industrial property return between 1995 and 2007
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Figure B2.10: IPD industrial property return deviation between 1995 and 2007

1.4 Correlogram of the outputs

Hereunder are the correlograms of each output. A lag of 15 (k-value) is investigated for the
indirect return data and a lag of 10 (k-value) is investigated for the direct return data. The
discrepancy is due to the different data sizes between the two types of return, where there are
more samples for indirect returns than direct returns. The bar graphs indicate the sample
autocorrelation function values, which indicate the degree of correlation between the current
sample and the sample in the set k™ period previous. The red dotted lines indicate the critical
sample error level where there is no correlation between the two values if the calculated
sample autocorrelation function value is below this level.
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Appendix C

Tables of result from Granger casuality test
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Appendix D

Background on econometric model algorithms in software
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1.1 Introduction

This document presents the background on the algorithms of the models developed in this
research, which are the ARMA model, the GARCH model, the VAR model and the MLP
neural network model. A brief introduction to the background of Matlab, the software used to
simulate the model in this research, is presented. The theory behind each model investigated
in this research is discussed. A section summarising the theory and characteristics of each
model is also presented.

1.2 Algorithms in software

The models developed in Matlab are based on structures and functions as defined by
Mathwork (2004). Structure is similar to an object where each structure consists of a set of
attributes defined by the user. For example, if a user need to define a structure for student
records, then the possible attributes of this structure are name, student number, standards,
class code and subjects selected etc. Within these attributes, they store the information that
the user previously entered. In this case, the structures are used to store information regarding
the model such as the residual calculated, the values of the respective parameters, the
information of the model and the result of some test conducted. Function defines a group of
code that utilises the information stored in the attribute of a structure in order to perform a
specific task with it. The result from the specific task calculated using the function is then in
return stored in the attributes of other structures or in the case where the task is repetitive, the
original attributes are updated with the new set of information. The general procedure for
developing the models is defined by the flow diagram below (Figure D1). Generally, the first
step requires the input of specific parameters from the user and the last step produces the
result in the desirable format predefined by the user or the functions under operation.
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Identify the type of model
required by the user

v

Load specification of model
into the variable matrix

Y

Load requirement of
forecast

Create predicting data
matrix with specific lag
structure

v

zenerate initial estimate of
the parameter of model

v

Optimise parameter
of model

'

Eased onthe optimised
parameters, forecast
the required output

v

Compare the model
output with acutal result

Figure D1: Flow chart of the basic structure of the code for the models

1.3 Univariate ARMA Model

The algorithm for this model is integrated into the GARCH Toolbox of Matlab because the
GARCH and other non-constant conditional variance models also require one to implement
such models first before implementing the required scheme for the conditional variance part
of the model, as defined by Mathwork (2004). In such case where only the ARMA model is
required, the conditional variance of the model is kept constant, i.e. the variance range of the
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output is fixed. The model is defined by the following equations and is called the ARMAX
model, as it incorporates a component for explanatory variables.

R M N,
V. =C+> 0y _+e+) 0.+ Xtk (1.1
i=1 Jj=1 k=1

Where:

C constant bias term

Qi autoregressive (AR) coefficient for i-th lag

Ve-i output variable y at time #-i

R autoregressive (AR) lag parameter

0; moving average (MA) coefficient for j-th lag

&rj variable of random process (innovation) at time #-j
M moving average (MA) lag parameter

Lk coefficient for k-th explanatory variable

X(t,k) value of the k-th explanatory variable at time ¢

N, total number of explanatory variables, including lags

The above equation (Equation 1.1) is interpreted as the following in the algorithm.
y(t) = C+ AR y(t —1)+...+ AR(R)y(t — R) + e(t) + MA(e(t —1)+...  (1.2)
+MAM)e(t—M)+B1D)X(¢,1)...+ BIN)X(t,N,)
Where:

AR(R) autoregressive (AR) coefficient for R-th lag
MA(M) moving average (MA) coefficient for M-th lag
B(N,)  coefficient for N,-th explanatory variable

As discussed in previous section, the user has to specify an initial value for the parameters
where the algorithm examines them, before proceeding any further. Amongst other
examinations, the algorithm examines two essential conditions, namely that the
autoregressive part of the equation must be stationary and the moving average part must be
invertible. The algorithm achieves this by calculating the eigenvalues of the AR and MA
parameters and determines whether the calculated eigenvalues lie within the unit roots circle.
If the eigenvalues lie with the circle, then the autoregressive part is stationary and the moving
average part is invertible.

Once all of the required conditions have been satisfied, the algorithm first commences with
the calculation of an initial estimation of the parameters based on the input from the user. The
initial estimation is performed in two steps. The first step is to calculate the parameters of the
autoregressive (AR) part of the model and the parameters of the explanatory variables using
ordinary least square regression. The second step is to extract the residual of the OLS
regression and use it to estimate the coefficient of the moving average (MA) part, where each
coefficient of the moving average part is based on its auto-covariance with the autoregressive
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part. Thereafter, the parameters are then optimised based on minimising the following linear
equation, derived from Equation 1.2, with the initial estimated values substituted in the
parameters.

e(t) =—C+ y(t)— AR y(t —1)—...— AR(R)y(t = R) - MA(D)e(r —1)—... (2)
—~MAM)e(t —M )-BM)X(t,1)...— BN )X (t,N )

This equation is an extension to Equation 1.2 and defines the differences between the actual
result and the predicted result based on the generated model at present time ¢, which is the
error term e(1).

1.4 Univariate GARCH Model

As previously discussed in the ARMA model section, the algorithm of the model used in the
analysis is found in the GARCH Toolbox of Matlab and can be easily extended from the
previously developed ARMA model. The model used is an univariant GARCH model, which
is similar to the model used in the work of West and Worthington (2004). The model is
defined by two different components, namely the conditional mean component and the
conditional variance component. The conditional mean component is the ARMAX equation
defined by Equation 1.1 and 1.2. The conditional variance component is defined by the
equation below.

P Q
ol =k+).Gol,+> Agl, (3.1)

i=1 j=1

Where:

K constant standard deviation term

o, standard deviation at time #-i

Gi autocorrelative coefficient of standard deviation for i-th lag

P autocorrelative component (GARCH) lag parameter

83, ;  variable of random process (innovation) at time -j

Aj coefficient for innovation for j-th lag

0 innovation component (ARCH) lag parameter

Matlab defined the following constraint to the above equation (Equation 3.1):
P Q
DG +Y A <l (3.2)
i=1 j=1

k>0 (3.3)

G 20 i=12,...,P (34

1
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A 20 j=12,...,0 (3.5)

Once again, the above equation (Equation 3.1) is interpreted to the following in the
algorithm:

h(t) = K + GARCH (Dh(t —1)+...+ GARCH (P)h(t — P)+ ARCH (De(t —1)° +... (3.6)

+ ARCH (Q)e(t—Q)°
Where:

GARCH(P) autocorrelative coefficient for P-th lag
ARCH(Q) innovation coefficient for Q-th lag

Similar to the ARMA model, the algorithm inspects whether the initial parameters set by the
user satisfy the above requirements. Once again, the algorithm calculates an initial estimation
of the parameters based on the input from the user. However, the algorithm employs an ad
hoc approach for this estimation. Based on the condition defined in Equation 3.2, the
algorithm proportion 0.85 to all of the G coefficients and 0.05 to all of the A coefficients,
from which the parameters are optimised by means of minimising the error between the
actual standard deviation values and the standard deviation values calculated using the above
equation (Equation 3.6) with the initial parameters.

1.5 Vector Autoregressive (VAR) Model

The algorithm is developed in the Econometric Toolbox by James LeSage (1999). There is
various form of VAR models developed in the toolbox but in this study the simple VAR
model is employed. The simple VAR model with 1 lag is based on the following equation as
defined in LeSage (1999: 214). Unlike the previous two models discussed, this model is
designed for multiple outputs and thus it is also known as multivariant model.

- C £,

Vi A - A ;’1( 1 C1 81
i I S S Il S (4)

A, - A, ' '

nt : Y1) C, £,

Where:

Vi) 1% variable in the matrix at time #-/

Vn(t-1) n™ variable in the matrix at time -/

Am(l)  coefficient for the n™ variable for the n™ equation
C, constant for the n'" equation
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Ent error term for the n™ equation

Once again, initial values are defined for the parameters and the parameters are optimised. As
discussed in LeSage (1999:214), the parameters are optimised using ordinary least square
(OLS) regression method.

1.6 Neural Network

The Netlab Toolbox developed by lan Nabney (2004) is used for the development of the
neural network model. Unlike the Neural Network Toolbox provided in Matlab, the Netlab
Toolbox is simple to use and provides greater flexibility in developing a neural network
model. In this research, only the multi-layered perceptron (MLP) model is investigated. The
algorithm models the neural network based on Equation 10.1 and Equation 10.2 in section
2.3.4 of the thesis. The algorithm implements the simplest form of MLP network, which has
an input layer, a hidden layer and a output layer. The transfer function used for the neurons in
the input and the hidden layer is the tanh function, which is defined by the following equation
(Wikipedia, 2009d).

2x
FOW, +b)=a" = tanh(x) = !
e +1

(&)

Once again, the algorithm first requires some basic inputs from the users on various
parameters, such as the number of neurons in each layer (the input layer, the hidden layer and
the output layer) and the transfer function to be used in the output layer. There are three
choices of transfer functions available from the toolbox, namely the linear, the logistic and
the softmax functions, as defined in Nabney (2004: 151).

Linear: y, =a” (6.1)
Logistic: = ! = ! (6.2)
. yk 1+e_a12) 1+exp(—a,ﬁ2)) .
a®) 2
Softmax:  y, =4 = *P@7) 6.3)
e
Z e’ Z exp(—agz) )
j=1 j=1
Where:
a? the sum of all weighted inputs and bias, for neuron & in the output layer
k
N number of samples used for estimating the model

In addition to defining some basic parameters, the input data need to be normalised. The
process of normalisation is essential as the neural network operation is dependent on the
consistent range of the input data. The reason behind this is to prevent the weight and bias
parameters of neurons from undergoing saturation caused by data sets that have higher values
than others. Furthermore, the process ensures that the movements in the data sets are detected
without any bias. Each set of data is normalised by dividing all of the samples by the
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maximum value (in terms of magnitude) in the set, i.e. the normalised value of the maximum
sample will be 1.

The next step is for the algorithm to initialise and optimise the parameters of the model. It
defines the initial weights and biases of each neuron in the network with random values. The
weights and biases are then optimised using the optimisation method defined by the user,
which also requires the set of input and output data (the data set of the predicting variable and
the predictors), the information of the neural network and the terminating criteria of the
optimisation. The terminating criteria are usually the threshold error value between the actual
and the predicted output, the number of iterations of the optimisation algorithm or a
combination of both. Finally, the user can utilise this model to evaluate its performance.

1.7 Summary and discussion

The models are developed using Matlab version 7.0, which is designed for sophisticated
calculations and modelling. The general procedure of the algorithm in developing the model
is to obtain initial parameters from the user, examine the input parameters from the user,
optimise the parameters, implement the model using the optimised parameter and then
compare it with the actual values. The four models under investigation in this research,
namely the univariant ARMA model, the univariant GARCH model, the VAR model and the
MLP neural network model, have all been previously developed in Matlab.

The univariant ARMA model and GARCH model are both integrated into the GARCH
toolbox where Matlab permits the user to develop a model with both conditional mean and
conditional variance. Both of the models provide one output with functions that allow the
inclusion of explanatory variables in the conditional mean equation (Equation 1.1). The
conditional variance is consider as a constant when implementing the ARMA model and the
factors influencing the outputs (return and return deviation) are considered as the explanatory
variables in the equation. The parameters for the ARMA model are set to zero, i.e. the
autocorrelation terms are removed from the equation, for the development of a pure GARCH
model. As a result, the conditional mean is dependently solely on explanatory variables,
while the conditional variance for the GARCH model will be a function of the standard
deviations of the outputs (return and return deviation). In this case, the conditional mean
equation mimics that of a multiple linear regression (MLR) model, where the output depends
on other factors or independent variables.

The VAR models and the neural network models are multivariant models, in other words, the
model can product multiple outputs. In the case of VAR model, there is a limitation, where
the size of the output variable matrix has to correspond to the size of the input (explanatory)
variables matrix (referring to Equation 4). As a consequence, the output or predicting
variables (the return or return deviations) and the explanatory variables are combined
together into the variable matrix. While in the neural network model, such problems do not
exist, as there is no relation between the size of the output and the size of the input.

Since the ARMA and the GARCH models are limited to one output for each model, a model
is designed for each output (return and return deviations). While for the VAR and neural
network models, a model is developed for each type of return and its deviation, i.e. the
outputs of the model developed for J255 return will be the J255 return and the J255 return
deviation.
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Appendix E

Tables of result from optimisation process
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ARMA model (Input variables with 4 lags)
AlCc B
R M
1 2 3 4 5 6 7 8
1 -71.446 | -66.155 -70.115 | -60.218 19.566 30.191 110.372 | 119.908
2 -71.085 | -62.349 | -63.200 | -57.831 38.614 62.237 | 125.626 | 96.567
3 -46.073 | -59.364 | -27.146 | -31.191 89.083 73.392 | 127.272 | 133.214
4 -76.739 | -70.298 -55.643 54.829 83.033 93.931 136.366 | 125.036
5 -79.567 | -73.099 | -45.632 | 70.559 94.432 | 101.274 | 152.133 | 159.719
6 -73.696 | -66.146 | -43.841 80.792 | 116.536 | 120.704 | 146.681 | 158.418
7 -69.164 | -61.913 -54.957 91.444 128.746 | 122.253 | 158.009 | 161.989
8 -72.052 | -60.257 | -50.234 | 101.5638 | -6.673 | -18.979 | 168.602 | 155.750
BIC
R M
1 2 3 4 5 6 7 8
1 -52.920 | -48.458 -53.514 | -45.001 33.084 41.668 119.436 | 126.151
2 -53.388 | -45.747 | -47.983 | -44.313 50.092 71.301 131.870 | 99.542
3 -29.472 | -44148 | -13.628 | -19.714 | 98.148 79.635 | 130.248 | 132.429
4 -61.522 | -56.780 -44.165 63.894 89.277 96.907 135,582 | 119.948
5 -66.049 | -61.621 | -36.567 | 76.802 97.407 | 100.490 | 147.045 | 149.727
6 -62.218 | -57.081 | -37.5697 | 83.767 | 115751 | 115.616 | 136.690 | 142.855
7 -60.099 | -55.670 -51.982 90.659 123.659 | 112.261 142.446 | 140.110
8 -65.808 | -57.282 | -51.018 | 96.450 | -16.664 | -34.542 | 146.722 | 126.720
ARMA model (Input variables with 2 lags)
AlCc
R M
1 2 3 4 5 6 7 8
1 -87.498 | -83.306 | -85.966 | -105.104 | -23.267 -2.034 64.691 67.917
2 -95.061 -91.656 4.894 -85.860 -26.197 19.377 69.530 59.037
3 -01.592 | -80.803 5.637 -82.900 -9.300 | -23.976 | 74.505 61.512
4 -101.950 | -101.603 | 11.854 | -76.364 | 37.543 33.208 79.697 84.074
5 -109.432 | -102.588 | -20.546 | -95.864 -23.155 42.942 88.593 90.257
6 -105.753 | -98.959 | 21.556 | -22.538 | 39.682 48.181 80.451 90.511
7 -105.978 | -103.415| 27.434 | -87.842 50.452 38.840 91.730 | 102.231
8 -108.353 | -100.794 | -0.049 1.369 -01.404 | -79.445 | 94.835 | 104.781
BIC
R M
1 2 3 4 5 6 7 8
1 -69.912 | -64.995 | -67.081 | -85.804 -3.726 17.565 84.150 87.023
2 -76.750 | -72.770 24.194 -66.319 -6.597 38.836 88.636 77.562
3 -72.707 | -61.504 | 25.178 | -63.301 10.160 -4.869 93.030 79.209
4 -82.650 | -82.061 31.453 | -56.905 56.650 51.733 97.394 | 100.675
5 -89.890 | -82.989 -1.087 -76.758 -4.630 60.639 105.195 | 105.474
6 -86.154 | -79.500 | 40.663 -4.013 57.379 64.782 95.668 | 104.029
7 -86.519 | -84.308 | 45.959 | -70.145 | 67.053 54.056 | 105.248 | 113.709
8 -89.247 | -82.269 17.648 17.970 | -76.187 | -65.927 | 106.312 | 113.846




126

ARMA model (Input variables with 1 lags)
AlCc
R M
1 2 3 4 5 6 7 8
1 -89.988 | -84.174 -88.985 | -106.975 | -111.745 | -75.081 -15.284 54.403
2 -09.558 | -86.478 | -87.313 | -95.437 | -102.486 | -65.566 | -23.383 | 58.181
3 -06.925 | -109.424 | -100.907 | -106.443 | -63.884 | -67.597 | -33.612 | 62.989
4 -105.700| -51.540 | -106.096 | -33.388 | -54.437 | -93.505 | -13.652 | 65.280
5 -111.840| -79.357 | -102.611 | -88.080 | -34.667 | -53.100 -2.639 71.100
6 -109.709 | -113.634 | -101.850 | -97.895 -86.085 | -65.999 -11.622 72.004
7 -108.791 | -106.406 | -94.885 | -96.143 | -73.660 | -82.222 0.377 73.246
8 -108.881 | -104.595 | -27.030 | -98.541 | -58.067 | -85.500 | 31.671 74.656
BIC
R M
1 2 3 4 5 6 7 8
1 -76.631 | -69.576 | -73.264 | -90.255 | -94.160 | -56.770 3.602 73.703
2 -84.961 | -70.757 | -70.593 | -77.851 | -84.175 | -46.700 -4.084 77.722
3 -81.204 | -92.705 -83.321 -88,132 -44.998 | -48.298 -14.070 82.588
4 -88.981 | -33.054 | -87.785 | -14.502 | -35.138 | -73.964 5.947 84.739
5 -04.254 | -61.047 | -83.725 | -68.780 | -15.126 | -33.500 16.820 90.207
6 -01.399 | -94.748 | -82.551 | -78.354 | -66.485 | -46.540 7.485 90.529
7 -89.905 | -87.107 | -75.344 | -76.544 | -54.201 | -63.115 18.902 90.943
8 -89.582 | -85.054 -7.431 -79.082 -38.960 | -66.975 49,368 91.258
GARCH model (Input variables with 4 lags)
AlCc
P Q
1 2 3 4 5 6 7 8
1 -0.996 | 231.691 | -59.232 | -13.319 | -45.047 | 154.405 | 265.100 1.481
2 563.075 | -36.088 | -45.399 | -47.560 | -46.653 | 428.219 | 223.327 | 521.808
3 734.470 | 116.638 | -44.093 | -38.138 | -36.952 | -31.293 | 129.741 | 107.182
4 -41.801 | -31.435 | 402.784 | -28.048 | -28.382 | 213.354 | 368.805 | 320.145
5 50.331 -39.495 | -33.974 | -24.362 | -30.281 | -11.650 | 481.808 6.883
6 74389 | -34.004 | 439.475 | -25.265 | -18.152 -5.425 126.052 | 623.525
7 258.401 | -27.498 | -19.633 | -11.914 | -10.903 0.144 1.118 369.923
8 19.992 | -19.533 | -11.861 -5.386 -0.434 13.188 14.625 18.208
BIC
P Q
1 2 3 4 5 6 7 8
1 17.529 | 249.388 | -42.631 1.898 -31.5629 | 165.883 | 274.164 7.724
2 580.772 | -19.486 | -30.182 | -34.042 | -35.175 | 437.283 | 229.570 | 524.783
3 751.071 | 131.855 | -30.575 | -26.660 | -27.887 | -25.049 | 132.717 | 106.398
4 -26.584 | -17.017 | 414.261 | -18.984 | -22.139 | 216.330 | 368.020 | 315.057
5 63.849 | -28.017 | -24.009 | -18.118 | -27.305 | -12.435 | 476.720 | -3.109
6 85.867 | -24.939 | 445.718 | -22.290 | -18.937 | -10.513 | 116.060 | 607.961
7 267.465 | -21.255 | -16.657 | -12.699 | -15.991 -0.848 -14.445 | 348.044
8 26.235 | -16.557 | -12.645 | -10.474 | -10.426 -2.375 -7.254 | -10.822
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GARCH model (Input variables with 2 lags)
AlCc
P Q
1 2 3 4 5 6 7 8
1 -74.095 | 351.029 | -69.816 | -66.024 | -62.295 | -58.242 | -57.811 | -53.347
2 43.386 | -69.861 | -66.164 | -62.294 | -58.241 | -53.991 | -53.347 | -48.655
3 -66.378 | -65.029 | -60.758 | -58.594 | -53.991 | -46.440 | -48.655 | -43.716
4 116.202 | -59.743 | -56.704 -53.991 -50.620 -45.928 | -43.716 | -38.510
5 64.039 | -46.478 | 72.328 | -52.172 | -47.865 | -42.962 | -39.070 | -33.574
6 -50.427 | -51.557 | -48.871 | -28.992 | -39.004 | -35.783 | -33.574 | -27.765
7 -52.333 | -51.374 | -44.179 -42.009 | -33.798 -31.308 | -30.432 | -24.281
8 278.387 | -21.666 | -39.240 | -37.723 | -32.227 | -25.498 | -24.281 | -17.757
BIC
P Q
1 2 3 4 5 6 7 8
1 -56.509 | 369.340 | -50.930 -46.724 | -42.754 -38.643 | -38.352 | -34.241
2 61.697 | -50.976 | -46.865 | -42.753 | -38.642 | -34.532 | -34.241 | -30.130
3 -47.493 | -45.730 | -41.216 | -38.995 | -34.532 | -27.334 | -30.130 | -26.019
4 135.501 -40.202 | -37.105 -34.532 | -31.514 -27.403 | -26.019 | -21.908
5 83.580 | -26.878 | 91.787 | -33.065 | -29.340 | -25.265 | -22.468 | -18.357
6 -30.828 | -32.097 | -29.765 -10.467 | -21.307 -19.181 -18.357 | -14.246
7 -32.873 | -32.268 | -25.654 | -24.313 | -17.197 | -16.091 | -16.914 | -12.803
8 297.493 | -3.141 -21.543 | -21.121 | -17.011 | -11.980 | -12.803 -8.692
GARCH model (Input variables with 1 lag)
AlCc
P Q
1 2 3 4 5 6 7 8
1 -66.661 526.548 | -62.424 -58.936 | -56.067 -52.681 -51.085 | -47.388
2 -62.460 | -62.347 | -59.303 | -56.067 | -52.681 | -49.145 | -47.388 | -43.520
3 74244 | -59.084 | 527.709 | -52.681 | -49.145 | -45.448 | -43.520 | -39.466
4 -59.234 | -52.084 | -51.376 -49.145 | -45.448 -41.579 | -39.466 | -35.216
5 -55.668 | -52.412 | -45.563 | -45.448 | -41.579 | -37.526 | -35.178 | -30.752
6 57.654 | -50.991 | -44.829 | -43.940 | -39.887 | -35.636 | -31.172 | -26.480
7 -50.242 | 185.622 | -43.940 -39.887 | -35.636 -31.172 | -26.480 | -21.541
8 -43558 | -42.091 | -38.520 | -35.636 | -31.172 | -26.480 | -21.541 | -16.335
BIC
P Q
1 2 3 4 5 6 7 8
1 -53.304 | 541.146 | -46.703 | -42.216 | -38.481 | -34.370 | -32.200 | -28.089
2 -47.862 | -46.626 | -42.583 | -38.481 | -34.370 | -30.259 | -28.089 | -23.978
3 89.965 | -42.364 | 545.295 | -34.370 | -30.259 | -26.149 | -23.978 | -19.867
4 -42.515 | -34.498 | -33.065 -30.259 | -26.149 -22.038 | -19.867 | -15.756
5 -38.082 | -34.101 | -26.678 | -26.149 | -22.038 | -17.927 | -15.719 | -11.645
6 75.964 | -32.106 | -25.529 | -24.398 | -20.288 | -16.177 | -12.066 -7.955
7 -31.357 | 204,922 | -24.398 -20.288 | -16.177 -12.066 -7.955 -3.844
8 -24259 | -22.549 | -18.921 | -16.177 | -12.066 -7.955 -3.844 0.267

Table E1: ARMA and GARCH Models for J255 return
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ARMA model (Input variables with 4 lags)
AlCc B
R M
1 2 3 4 5 6 7 8
1 -96.981 -83.008 | -51.125 | -50.685 | 126.285 62.742 126.076 | 110.836
2 -88.959 | -78.140 | -31.358 | 90.780 | 132504 | -26.514 | 156.156 | 155.945
3 -84.196 | 22.728 | -21.979 | 101.896 | 142425 | 121.865 | 166.673 | 171.807
4 -78.441 -60.509 | -35.788 | 110.963 | 151.471 136.821 177.754 | 168.505
5 -67.685 | -59.605 | -20.084 | 116.678 | 160.619 | 148.769 | 190.497 | 195.691
6 -63.251 49.179 3.330 127.949 | 171.330 | 156.434 | 194.050 | 205.472
7 -56.012 | -29.874 | -26.413 | 139.520 | 190.044 | 172.511 | 202.464 | 219.938
8 -54.364 | -34.673 -5.324 150.690 73.618 120.899 | 220.674 | 235.684
BIC
R M
1 2 3 4 5 6 7 8
1 -83.463 | -71.530 | -42.060 | -44.441 | 129.261 | 61.958 | 120.989 | 100.844
2 -77.481 -69.076 | -25.115 93.755 131.719 | -31.602 | 146.164 | 140.382
3 -75.131 28.972 -19.004 | 101.111 137.337 | 111.874 | 151.110 | 149.928
4 -72.197 | -57.533 | -36.572 | 105.876 | 141479 | 121.258 | 155.874 | 139.475
5 -64.709 | -60.390 | -25.172 | 106.686 | 145.056 | 126.889 | 161.467 | 158.572
6 -64.035 | 44.092 -6.662 | 112.385 | 149.450 | 127.403 | 156.931 | 159.203
7 -61.100 | -39.866 | -41.976 | 117.640 | 161.014 | 135.391 156.195 | 163.313
8 -64.355 | -50.236 | -27.203 | 121.660 36.498 74.629 164.049 | 167.326
ARMA model (Input variables with 2 lags)
AlCc
R M
1 2 3 4 5 6 7 8
1 -99.473 | -96.154 | -89.567 | -44.693 33.537 -48.345 68.743 78.795
2 -06.369 | -93.034 [ -101.928 | -18.793 | 39.106 14.903 77.125 83.764
3 -03.640 | -88.929 | -52.049 | -52.587 | 40.458 37.495 52.531 87.578
4 -70.602 | -95.159 | -97.309 12.669 55.064 31.223 89.459 96.206
5 -100.196 | -94.328 | -87.106 5.163 61.863 67.179 100.571 | 106.293
6 -96.793 | -91.960 | -76.705 | -68.593 65.394 73.186 86.209 108.373
7 -02.538 | -45.630 | -82.568 | 18.673 71.901 81.177 | 107.548 | 116.484
8 -09.312 | -96.985 | -74.100 | 33.880 | -67.762 | -62.408 | 115.765 | 119.937
BIC
R M
1 2 3 4 5 6 7 8
1 -80.587 | -76.854 | -70.025 | -25.094 | 52.996 | -29.239 | 87.268 96.492
2 -77.070 | -73.492 | -82.329 0.666 58.213 33.428 94,822 | 100.365
3 -74.098 | -69.330 | -32.580 -33.480 58.983 55.192 69.133 102.795
4 -51.003 | -75.700 | -78.202 31.194 72.761 47.825 104.676 | 109.724
5 -80.737 | -75.222 | -68.581 22.860 78.464 82.396 114.089 | 117.770
6 -77.686 | -73.435 | -59.008 | -51.991 80.610 86.704 97.686 | 117.437
7 -74.013 | -27.933 | -65.967 | 33.890 85.419 92.655 | 116.612 | 122.727
8 -81.615 | -80.384 | -58.883 47.398 -56.284 | -53.343 | 122.009 | 122.913
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ARMA model (Input variables with 1 lags)
AlCc
R M
1 2 3 4 5 6 7 8
1 -101.889 | -87.611 | -118.840 | -99.148 | -99.940 -68.733 -94.352 57.349
2 -106.254 | -94.433 | -48.813 | -83.686 | -78.427 | -88.181 | -23.942 | 62.714
3 -103.846 | -110.246 | -37.642 | -46.109 | -51.190 | -52.962 | -49.805 | 66.374
4 -107.954 | -105.395 | -100.974 | -109.779 | -52.501 | -24.350 | -47.024 | 71.045
5 -108.597 | -115.350 | -13.185 | -80.724 | -18.205 -2.920 -38.626 | 77.269
6 -105.835 | -104.339 | -92.241 | -67.139 -9.042 3.162 -29.882 | 79.131
7 -102.803 | -100.847 | -89.250 | -40.650 5.820 61.580 | -12.113 | 83.656
8 -109.046 | -115.030 | -66.142 | -17.027 6.653 -85.449 -9.654 87.823
BIC
R M
1 2 3 4 5 6 7 8
1 -87.291 | -71.890 | -102.121 | -81.562 | -81.629 | -49.847 | -75.052 | 76.890
2 -90.533 | -77.7183 | -31.228 | -65.375 | -59.542 | -68.881 -4.401 82.313
3 -87.127 | -92.660 | -19.332 | -27.224 | -31.891 | -33.420 | -30.205 | 85.833
4 -90.368 | -87.084 | -82.088 | -90.479 | -32.959 -4.751 -27.565 | 90.151
5 -90.286 | -96.464 6.115 -61.182 1.394 16.539 | -19.519 | 95.794
6 -86.950 | -85.039 | -72.700 | -47.540 10.417 22.268 | -11.356 | 96.828
7 -83.504 | -81.305 | -69.650 | -21.191 24.927 80.105 5.584 100.257
8 -89.504 | -95.431 | -46.683 2.080 25.178 | -67.752 6.947 103.040
GARCH model (Input variables with 4 lags)
AlCc
P Q
1 2 3 4 5 6 7 8
1 1024.700| 475.700 | 401.700 58.400 -47.800 -39.100 -30.327 -24.758
2 -17.200 11.500 42,500 | -46.300 | -38.900 | -32.000 | -25.753 | -23.166
3 349.400 | 29.900 | 459.800 | -38.700 | -34.100 | -25.900 | -18.232 | -15.159
4 232.400 | 111.700 | 45.900 | -30.400 | -15.200 | -22.100 | 364.335 | -6.596
5 988.200 | 140.600 | 786.200 | 71.500 | -18.200 -7.300 3.860 8.400
6 163.900 | 203.800 | -22.800 | -16.800 -7.200 152,400 | 18.373 21.484
7 517.800 | 134.600 | -13.700 -5.800 4.300 11.700 27.221 37.915
8 451,700 | -12.800 -1.700 48.900 14.900 25.000 44,104 50.042
BIC
P Q
1 2 3 4 5 6 7 8
1 1038.200| 487.200 | 410.700 | 64.600 | -44.900 | -39.900 | -35.414 | -34.749
2 -5.800 20.600 48,700 | -43.400 | -39.700 | -37.100 | -35.744 | -38.729
3 358.400 | 36.100 | 462.700 | -39.500 | -39.100 | -35.900 | -33.796 | -37.039
4 238.700 | 114.700 45,100 -35.500 | -25.200 -37.700 | 342.456 | -35.627
5 991.200 | 139.800 | 781.100 | 61.500 | -33.800 | -29.200 | -25.170 | -28.719
6 163.100 | 198.800 | -32.800 | -32.300 | -29.100 | 123.300 | -18.746 | -24.786
7 512.700 | 124.600 | -29.300 | -27.700 | -24.700 | -25.400 | -19.049 | -18.710
8 441,700 | -28.300 | -23.500 19.900 | -22.200 | -21.300 | -12.521 | -18.316
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GARCH model (Input variables with 2 lags)
AlCc
P Q
1 2 3 4 5 6 7 8
1 -40.819 -11.469 | -72.313 -77.579 -64.358 -71.895 | -77.876 | -64.044
2 655.474 | -65.122 | -70.139 | -63.498 | -64.256 | -63.913 | -65.703 | -71.880
3 -23.279 | -64.056 | -13.441 | -60.892 | -55.569 | -62.625 | -41.948 | -64.678
4 -68.729 | -57.834 | -59.554 | -56.318 | -55.158 | -60.557 | -60.496 | -59.605
5 27.884 | -58.676 12,246 | -64.083 | -40.475 | -58.404 | -58.350 | -51.409
6 -60.501 | -59.212 | -54.458 | -60.201 | -44.457 | -54.897 | -33.693 | -47.458
7 9.520 -55.065 | -44.840 | -43.338 | -37.973 | -51.431 | -26.953 | -24.079
8 316.001 -43.264 | -19.988 | -46.725 139.700 | -45.232 | -38.700 | -16.700
BIC
P Q
1 2 3 4 5 6 7 8
1 -21.934 7.831 -52.772 | -57.980 | -44.899 | -52.789 | -59.351 | -46.347
2 674.773 | -45.581 | -50.539 | -44.039 | -45.150 | -45.388 | -48.007 | -55.279
3 -3.737 -44.457 6.019 -41.786 | -37.044 | -44.929 | -25.346 | -49.461
4 -49129 | -38.374 | -40.447 | -37.793 | -37.461 | -43.956 | -45.279 | -46.087
5 47.343 | -39.570 | 30.771 -46.386 | -23.874 | -43.187 | -44.831 | -39.931
6 -41.394 | -40.687 | -36.762 | -43.600 | -29.240 | -41.379 | -22.215 | -38.393
7 28.045 -37.358 | -28.239 | -28.121 -24.455 -39.954 | -17.889 | -17.835
8 333.698 | -26.663 -4.771 -33.207 | 151.178 | -36.168 | -32.457 | -13.725
GARCH model (Input variables with 1 lag)
AlCc
P Q
1 2 3 4 5 6 7 8
1 -94904 | -91.717 | -91.141 | -88.706 | -85.881 | -82.345 | -79.818 | -76.051
2 365.240 | -89.702 | -89.267 | -82.705 | -82.345 | -78.648 | -74.485 | -71.997
3 60.559 -85.078 | -85.881 -82.345 -78.648 -74.779 | -71.895 | -67.747
4 775.303 | -80.600 | -82.345 | -78.648 | -74.779 | -70.726 | -67.808 | -63.373
5 674.664 | -78.349 | -77.106 | -74.779 | -70.726 | -66.475 | -63.344 | -58.681
6 -68.028 | -76.636 | -74.779 | -70.722 | -66.475 | -62.012 | -58.652 | -53.742
7 -20.650 | -71.223 | -70.726 | -66.475 | -62.012 | -57.319 | -53.713 | -47.395
8 271.629 | -64.723 | -63.233 | -62.012 | -57.319 | -52.380 | -49.193 | -41.900
BIC
P Q
1 2 3 4 5 6 7 8
1 -80.306 | -75.996 | -74.421 | -71.121 | -67.570 | -63.459 | -60.518 | -56.509
2 380.961 | -72.982 | -71.681 | -64.394 | -63.459 | -59.349 | -54.944 | -52.398
3 77.279 | -67.492 | -67.570 | -63.459 | -59.349 | -55.238 | -52.296 | -48.287
4 792.889 | -62.289 | -63.459 | -59.349 | -55.238 | -51.127 | -48.349 | -44.267
5 692.975 | -59.464 | -57.807 | -55.238 -51.127 -47.016 | -44.238 | -40.156
6 -49143 | -57.336 | -55.238 | -51.123 | -47.016 | -42.905 | -40.127 | -36.045
7 -1.350 -51.682 | -51.127 | -47.016 | -42.905 | -38.794 | -36.016 | -30.794
8 291.170 | -45.124 | -43.774 | -42.905 -38.794 -34.683 | -32.592 | -26.683

Table E2: ARMA and GARCH Models for J256 return
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ARNMA model (Input variables with 4 lags)
AlCc -
R M
1 2 3 4 5 6 7 8
1 -245,398 | -242.482 | -73.7961 | 73.6533 | 87.6195 | 42.6401 | 129.1468 | 143.2357
2 -243.420 | -191.345] -184.506 | 110.3048 ] 125.8979 | 145.1622] 115.8258 ] 169.9173
3 -215.138 | -137.549 | -18.1539 | 116.6441 | 133.9578 | 125.4451 | 153.5577 | 182.6359
4 -245803 | -214.706 | -139.145 | 123.5611 | 146.1396 | 172.1956 | 150.6097 | 188.2158
5 -186.401 | -149.815| 7.5567 | 118.7633|150.8112| 133.2612| 181.5245] 192.0952
6 -225.555 | -212.667 | 2.2727 |145.5011 | 173.4663 | 138.5316] 145.0924 | 119.8495
7 -130.080 | -16.9027 | -164.959 | 151.107 | 155.8931 | 149.8576 | 148.8963 | 108.5252
8 -229.478 | 41.7787 | 60.733 | 142.7549|100.1415] 108.87 | 174.1902| 83.556
BIC
R M
1 2 3 4 5 6 7 8
1 -223.399] -220.915] -52.8864] 93.6642| 106.4714] 60.0524] 144.816] 156.833
2 -221.853] -170.435] -164.496] 129.1567] 143.3102] 160.8314] 129.4232| 181.0858
3 -194.228| -117.538 0.6981] 134.0565] 149.6271| 139.0425] 164.7262] 190.9873
4 -225.792] -195.854| -121.732] 139.2303| 159.7369] 183.3642] 158.961| 193.3262
5 -167.549] -132.403| 23.2259] 132.3607| 161.9797| 141.6125] 186.6349] 193.5012
6 -208.143] -196.998] 15.8701] 156.6697| 181.8176] 143.642] 146.4985] 117.0428
7 -114.41] -3.3054] -153.79| 159.4584| 161.0035| 151.2636| 146.0896] 100.9466
8 -215.881| 52.9473] 69.0844] 147.8653] 101.5475] 106.0633| 166.6117] 70.5886
ARNA model (Input variables with 2 lags)
AlCc
R M
1 2 3 4 5 6 7 8
1 -268.992 | -264.588 | -255.115 | -92.739 34,484 | -149.444 | 96.454 70.788
2 -246.194 | -256.050 | -258.480 | -212.851 | -16.160 -3.566 -5.652 74.811
3 -263.002 | -260.430 | -257.551 | -196.423 4.613 -156.085 | 115.025 74.512
4 -270.690 | -259.678 | -257.596 | 34.554 55.990 18.419 122.605 87.983
5 -267.019 | -38.341 | -254.035 | 14.519 59.019 38.792 133.105 93.326
6 -267.138 | -261.220 | -254.158 | 44.009 68.417 52.263 62.576 11.109
7 -218.010 | -260.407 | -177.247 | 46.318 87.248 67.197 55.882 39.298
8 -118.569 | -181.094 | -64.916 53.547 15.252 | -218.186 | 72.664 -2.334
BIC
R M
1 2 3 4 5 6 7 8
1 -250.036 | -244.721 | -234.469 | -71.456 56.253 | -127.349 | 118.704 93.011
2 -226.327 | -235.405 | -237.198 | -191.082 5.935 18.685 16.571 96.810
3 -242.357 | -239.148 | -235.782 | -174.328 | 26.863 | -133.862 | 137.024 96.079
4 -249.407 | -237.909 | -235.501 56.804 78.213 40.418 144171 | 108.893
5 -245250 | -16.246 | -231.785 | 36.741 81.019 60.359 154.015 | 113.337
6 -245.043 | -238.970 | -231.936 | 66.008 89.984 73.173 82.587 29.961
7 -195.760 | -238.184 | -155.248 | 67.885 | 108.157 | 87.208 74,734 56.711
8 -96.346 | -159.095 | -43.349 74.457 35.263 | -199.334 | 90.076 13.335
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ARMA model (Input variables with 1 lags)
AlCc
R M
1 2 3 4 5 6 7 8
1 -274.825 | -279.032 | -249.928 | -125.685 | -226.022 | -49.347 -0.040 18.429
2 -274.228 | -273.311 | -97.770 | -79.724 | -15.025 | -39.468 | 48.875 49.173
3 -283.739 | -115.123 | -148.754 | -262.962 | 15.650 -43.817 59.297 50.580
4 -273.293 | -271.303 | -261.648 | -164.571 | 21.639 13.960 42.006 45.266
5 -271.616 | -262.872 ]| -265.699 | -98.515 | 26.102 22.904 12.482 68.451
6 -287.568 | -262.468 | -186.979 | -214.041 13.340 15.732 | -238.626 | 70.921
7 -270.537 | -263.165 | -262.027 | -9.990 33.762 42.837 54.377 64.195
8 0.510 | -261.497 | -262.916| -9.810 | -155.203 | -192.362 | -238.304 | 52.858
BIC
R M
1 2 3 4 5 6 7 8
1 -260.702 | -263.536 | -233.165 | -107.767 | -207.067 | -29.480 | 20.605 39.712
2 -258.733 | -256.548 | -79.851 | -60.769 4.842 -18.822 | 70.158 70.942
3 -266.976 | -97.204 | -129.799 | -243.095 | 36.295 | -22.534 | 81.066 72.675
4 -255.375 | -252.348 | -241.781 | -143.926 | 42.921 35.729 64.101 67.516
5 -252.661 | -243.005 | -245.054 | -77.233 | 47.871 44,999 34.732 90.673
6 -267.701 | -241.822 | -165.696 | -192.273 | 35.435 37.982 | -216.404 | 92.920
7 -249.892 | -241.883 | -240.258 | 12.105 56.012 65.059 76.377 85.762
8 21.793 | -239.728 | -240.821 | 12.440 | -132.981 | -170.363 | -216.737 | 73.768
GARCH model (Input variables with 4 lags)
AlCc
P Q
1 2 3 4 5 6 7 8
1 123.800 | 394.400 | 663.100 | -163.000 | -168.900 | -172.100 | -202.119] -182.115
2 641.100 | 140.300 | 97.800 | -153.800 | -163.800 | 137.300 | -194.746 | -181.065
3 283.600 | 384.400 | 83.800 | -195.400 | -174.600 | 48.400 | -202.220 | -186.385
4 216.600 | 54.400 |-187.200| -202.300 | -141.300 | -197.800 | -173.642 | -165.851
5 930.900 | 631.300 | -208.300 | -138.600 | -191.600 | -145.900 | 315.018 | -173.467
6 1022.600| 41.600 94.700 | -168.400 | -156.500 | 241.400 | -166.531 | -148.369
7 1034.300| 483.800 | 309.100 | -191.700 | -148.900 | -146.100 ] 68.645 | -157.686
8 1048.900| 210.100 | -145.400 | -171.400 | -178.000 | -165.500 | -150.154 | -151.469
BIC
P Q
1 2 3 4 5 6 7 8
1 145.800 | 416.000 | 684.000 | -143.000 | -150.000 | -154.700 | -186.450 | -168.518
2 662.700 | 161.200 | 117.800 | -134.900 | -146.400 | 152.900 | -181.149 | -169.897
3 304.500 | 404.400 | 102.700 | -178.000 | -158.900 | 62.000 | -191.052 | -178.033
4 236.600 73.300 | -169.700 | -186.700 | -127.700 | -186.600 | -165.291 | -160.741
5 949.800 | 648.700 | -192.700 | -125.000 | -180.500 | -137.500 | 320.129 | -172.061
6 1040.100| 57.300 | 108.300 | -157.200 | -148.200 | 246.500 | -165.125| -151.176
7 1050.000| 497.400 | 320.300 | -183.400 | -143.800 | -144.700 ] 65.839 | -165.264
8 1062.500 221.300 | -137.100 | -166.300 | -176.600 | -168.300 | -157.733 | -164.436
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GARCH model (Input variables with 2 lags)
AlCc
P Q
1 2 3 4 5 6 7 8
1 -209.500 | 159.100 | -265.200 | -261.700 | -258.000 | -254.200 | -250.100 | 146.800
2 -256.000 | -82.300 | -190.900 | -258.000 | -254.200 | -250.100 | -245.900 | -241.400
3 -241.600 | -75.000 | -258.300 | -172.700 | -250.100 | -246.700 | -241.500 | -238.200
4 683.700 | -245.400 | -254.200 | -250.100 | -245.900 | -241.500 | -236.900 | -233.100
5 857.100 | -246.900 | -227.100 | -248.100 | -243.800 | -237.900 | -234.400 | -229.300
6 346.700 | -236.800 | 744.900 | -244.400 | -239.800 | -234.900 [ -229.900 | -224.000
7 1112.400] -38.400 | -242.900 | -238.900 | -47.800 | -228.900 | -184.400 | -219.000
8 441,200 | 220.600 | -238.800 | -232.000 | -229.900 | -223.600 | -219.000 | -213.100
BIC
P Q
1 2 3 4 5 6 7 8
1 -190.500 | 179.000 | -244.600 | -240.400 | -236.200 | -232.100 | -227.900 | 169.000
2 -236.200 | -61.600 | -169.600 | -236.200 | -232.100 | -227.900 | -223.700 | -219.400
3 -221.000 | -53.700 | -236.500 | -150.600 | -227.900 | -224.500 | -219.600 | -216.600
4 705.000 | -223.600 | -232.100 | -227.900 | -223.700 | -219.600 | -215.400 | -212.200
5 878.900 | -224.800 | -204.900 | -225.900 | -221.800 | -216.300 | -213.500 | -209.300
6 368.800 | -214.600 | 767.100 | -222.400 | -218.200 | -214.000 | -209.900 | -205.200
7 1134.600] -16.100 | -220.900 | -217.300 | -26.900 | -208.900 | -165.500 | -201.600
8 463.400 | 242.600 | -217.200 | -211.100 | -209.900 | -204.800 | -201.600 | -197.400
GARCH model (Input variables with 1 lag)
AlCc
P Q
1 2 3 4 5 6 7 8
1 -267.449 | -179.912 | -273.760 | -271.028 | -267.890 | 328.785 | -261.232 | 194.093
2 385.514 | -269.462 | -270.988 | -267.890 | -256.612 | -260.841 | -257.694 | -256.476
3 -217.680 | -265.048 | -265.567 | -264.478 | -261.232 | -259.232 | -255.193 | -217.286
4 93.670 | -263.113 | -259.208 | 231.766 | 104.331 | -255.543 | -251.695 | -247.676
5 170.344 | -253.109 | -259.458 | -259.083 | -255.781 | -251.695 | -247.676 | -241.656
6 -254.344 | -144.688 | -256.738 | -257.682 | -247.554 | -249.814 | -245.612 | -241.215
7 -257.225 | -251.567 | -256.548 | -247.467 | -249.814 | -245.612 | -241.215 | -235.641
8 -252.987 | -249.602 | -253.573 | -248.503 | 362.460 | -241.115| -234.520 | -229.688
BIC
P Q
1 2 3 4 5 6 7 8
1 -253.327 | -164.417 | -256.998 | -253.110 | -248.935 | 348.652 | -240.586 | 215.376
2 401.009 | -252.699 | -253.070 | -248.935 | -236.745 | -240.196 | -236.412 | -234.707
3 -200.918 | -247.130 | -246.611 | -244.611 | -240.586 | -237.949 | -233.424 | -195.191
4 111.588 | -244.157 | -239.341 | 252.411 | 125.613 | -233.774 | -229.600 | -225.426
5 189.299 | -233.242 | -238.812 | -237.800 | -234.012 | -229.600 | -225.426 | -219.434
6 -234.477 | -124.042 | -235.456 | -235.913 | -225.459 | -227.564 | -223.390 | -219.216
7 -236.580 | -230.284 | -234.780 | -225.372 | -227.564 | -223.390 | -219.215 | -214.074
8 -231.704 | -227.833 | -231.478 | -226.253 | 384.682 | -219.115 | -212.953 | -208.779

Table E3: ARMA and GARCH Models for J255 return deviation
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ARMA model (Input variables with 4 lags)
AlCc B
R M
1 2 3 4 5 6 7 8
1 -275.140 | -264.109 | -196.423 | -252.802 | -62.687 -3.889 52.329 65.045
2 -269.392 | -271.673 | -233.751 | -245.607 | 3.391 -18.623 | -195.248 | 72.554
3 -245.397 | -95.330 | -176.598 | -257.048 | -73.367 | 12.299 76.358 78.455
4 -130.883 | -271.402 | -243.010 | -249.639 | 10.185 27.906 83.623 74.850
5 -262.619 | -257.712 | -239.204 | -132.555 | 21.182 35.193 81.869 91.640
6 -259.582 | -94.547 | -173.702| -8.104 22.204 50.873 | -65.173 | 71.381
7 -80.431 | -230.158 | -170.257 | -47.152 | 35.184 54.238 91.822 88.739
8 -197.1652 | -255.987 | -111.727 | 0.028 | -226.916 | -188.609 | 93.751 90.805
BIC
R M
1 2 3 4 5 6 7 8
1 -256.184 | -244.242 | -175.778 | -231.520 | -40.918 | 18.206 74.579 87.268
2 -249.525 | -251.028 | -212.468 | -223.838 | 25.486 3.627 | -173.026 | 94.554
3 224752 | -74.047 | -154.829 | -234.953 | -51.117 | 34.521 98.357 | 100.022
4 -109.600 | -249.633 | -220.915 | -227.389 | 32.408 49.905 | 105.190 | 95.759
5 -240.850 | -235.617 | -216.954 | -110.332 | 43.182 56.759 | 102.779 | 111.651
6 -237.487 | -72.297 | -151.480 | 13.895 43.770 71.783 | -45.162 | 90.233
7 -58.181 | -207.936 | -148.258 | -25.586 | 56.093 74.248 | 110.674 | 106.151
8 -174.929 | -233.988 | -90.161 20.938 | -206.905 | -169.757 | 111.163 | 106.474
ARMA model (Input variables with 2 lags)
AlCc
R M
1 2 3 4 5 6 7 8
1 -283.601 | -277.951 | -224.763 | -269.611 | -208.962 | -164.748 5.958 29.849
2 -278.926 | -104.610 | -94.371 | -222.773 | -268.560 | -240.172 | 46.035 38.961
3 -275.966 | -91.418 | -88.375 | -267.413 | -79.417 | -191.874 | 54.012 57.697
4 -277.157 ] -99.446 | -87.676 | -270.000 | -149.917 | -113.782 | 59.819 60.403
5 -274.819| -95.747 | -110.210 | -264.896 | -173.658 | -220.128 | 62.792 61.569
6 -272.569 | -164.673 | -51.466 | -266.663 | -74.159 | 33.957 12.423 68.623
7 -268.117 | -87.591 | -85.096 | -251.814 | -171.255 | -35.214 | 54.899 68.656
8 -262.673 | -106.154 | -61.011 | -259.463 | -205.752 | -250.667 | 69.568 81.087
BIC
R M
1 2 3 4 5 6 7 8
1 -269.478 | -262.455 | -208.000 | -251.693 | -190.007 | -144.881 26.604 51.131
2 -263.431 | -87.847 | -76.452 | -203.817 | -248.693 | -219.526 | 67.317 60.729
3 -259.204 | -73.500 | -69.420 | -247.546 | -58.771 | -170.591 75.781 79.792
4 -259.239 | -80.491 -67.809 | -249.355 | -128.635 | -92.013 81.914 82.653
5 -255.864 | -75.880 | -89.564 | -243.613 | -151.889 | -198.033 | 85.042 83.792
6 -252.702 | -144.027 | -30.184 | -244.894 | -52.064 | 56.207 34.646 90.622
7 247471 -66.309 | -63.327 | -229.719 | -149.004 | -12.991 76.899 90.223
8 -241.390| -84.385 | -38.916 | -237.213 | -183.520 | -228.668 | 91.135 | 101.997
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ARMA model (Input variables with 1 lags)
AlCc
R M
1 2 3 4 5 6 7 8
1 -282.610 | -87.466 | -277.864 | -279.853 | -238.220 | -271.136 | 39.350 24.995
2 -278.067 | -253.226 | -275.082 | -275.902 | -201.565 | -253.110 | 44.293 39.790
3 -280.149 | -275.899 | -279.062 | -87.589 | -264.201 | -252.105 | 47.641 44,934
4 -277.492 | -264.787 | -273.359 | -279.914 | -268.219 | -247.195 | 50.903 41.378
5 -276.389 | -61.495 | -265.316 | -111.797 | -176.583 | -254.538 | 50.427 56.618
6 -271.929 | -260.534 | -258.778 | -261.314 | -184.860 | -259.897 | -224.379 | -18.274
7 -273.644 | -272.561 | -266.502 | -267.494 | -152.523 | -257.888 | -153.328 | 64.762
8 -275.885 | -218.935 | -267.127 | -259.087 | -260.769 | -255.821 | 42.407 72.183
BIC
R M
1 2 3 4 5 6 7 8
1 271529 | -74.817 | -263.742 | -264.357 | -221.457 | -253.217 | 58.305 44.862
2 -265.418 | -239.103 | -259.586 | -259.139 | -183.647 | -234.155 | 64.160 60.436
3 -266.026 | -260.403 | -262.299 | -69.671 | -245.245 | -232.238 | 68.287 66.217
4 -261.996 | -248.024 | -255.441 | -260.959 | -248.352 | -226.549 | 72.185 63.147
5 -259.626 | -43.577 | -246.360 | -91.930 | -155.937 | -233.256 | 72.196 78.713
6 -254.010 | -241.579 | -238.911 | -240.669 | -163.578 | -238.128 | -202.284 | 3.976
7 -254.689 | -252.694 | -245.857 | -246.211 | -130.754 | -235.793 | -131.078 | 86.985
8 -256.018 | -198.290 | -245.845 | -237.318 | -238.674 | -233.570 | 64.629 94,183
GARCH model (Input variables with 4 lags)
AlCc
P Q
1 2 3 4 5 6 7 8
1 261.732 | 317.351 | -277.552 | -276.838 | -270.327 | -266.479 | -265.494 | -259.020
2 203.264 | -160.786 | -274.015 | -270.327 | -266.479 | -265.283 | -259.020 | -256.895
3 -251.196 | -260.026 | -270.327 | -269.273 | -265.283 | -258.258 | -256.895 | -252.288
4 318.636 | -244.513 | -255.423 | -253.368 | -258.877 | -254.480 | -250.016 | -247.456
5 -237.827 | -253.894 | -263.079 | -261.081 | -256.683 | -249.873 | -247.456 | -242.383
6 107.318 | -247.164 | 138.752 | -256.683 | -249.873 | -245.041 | -240.111 | -237.050
7 -241.165 | -247.202 | -254.480 | -249.873 | -246.027 | -239.968 | -234.778 | -231.436
8 63.141 77.726 | -250.054 | -245.220 | -240.954 | -234.275 | -231.436 | -223.390
BIC
P Q
1 2 3 4 5 6 7 8
1 280.688 | 337.218 | -256.907 | -255.556 | -248.558 | -244.384 | -243.244 | -236.798
2 223.131 | -140.140 | -252.733 | -248.558 | -244.384 | -243.033 | -236.798 | -234.895
3 -230.550 | -238.743 | -248.558 | -247.178 | -243.033 | -236.035 | -234.895 | -230.721
4 339.919 | -222.744 | -233.328 | -231.118 | -236.655 | -232.480 | -228.449 | -226.546
5 -216.058 | -231.799 | -240.829 | -238.858 | -234.684 | -228.306 | -226.546 | -222.372
6 129.413 | -224.914 | 160.974 | -234.684 | -228.306 | -224.132 | -220.100 | -218.198
7 -218.915 | -224.980 | -232.480 | -228.306 | -225.117 | -219.957 | -215.926 | -214.023
8 85.363 99.726 | -228.487 | -224.311 | -220.943 | -215.423 | -214.023 | -207.721
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GARCH model (Input variables with 2 lags)
AlCc
P Q
1 2 3 4 5 6 7 8
1 -275.340 | -154.241 | -273.389 | -280.281 | -272.069 | -273.881 | -270.487 | 286.143
2 -272.998 | -275.104 | -277.949 | -277.144 | -262.792 | -270.485 | -266.950 | 131.431
3 -270.786 | -267.812 | -274.812 | -265.736 | -264.489 | 260.759 | 56.835 | -47.347
4 -267.767 | -268.900 | -256.313 | -270.487 | -265.680 | 260.578 | -259.414 | -191.389
5 296.815 | -265.747 | -268.195 | -266.949 | -225.534 | 35.732 | -255.394 | 403.531
6 196.003 | -259.687 | -255.234 | -255.178 | -259.413 | -249.705 | -251.192 | 390.010
7 11.845 | -199.271 | -258.760 | -259.841 | -254.855 | -251.192 | -243.302 | -227.851
8 282.254 | -245.969 | -257.461 | -256.543 | -252.341 | -247.943 | -243.336 | -218.372
BIC
P Q
1 2 3 4 5 6 7 8
1 -261.218 | -138.746 | -256.626 | -262.363 | -253.113 | -254.014 | -249.841 | 307.425
2 -257.503 | -258.341 | -260.030 | -258.188 | -242.925 | -249.840 | -245.667 | 153.199
3 -254.024 | -249.894 | -255.856 | -245.869 | -243.844 | 282.041 78.604 | -25.252
4 -249.849 | -249.945 | -236.446 | -249.841 | -244.397 | 282.347 | -237.319 ] -169.139
5 315.770 | -245.880 | -247.550 | -245.667 | -203.765 | 57.827 | -233.144 | 425.754
6 215.870 | -239.041 | -233.952 | -233.409 | -237.318 | -227.455 | -228.970 | 412.010
7 32.491 | -177.988 | -237.000 | -237.746 | -232.605 | -228.969 | -221.302 | -206.284
8 303.537 | -224.200 | -235.366 | -234.293 | -230.118 | -225.944 | -221.769 | -197.463
GARCH model (Input variables with 1 lag)
AlCc
P Q
1 2 3 4 5 6 7 8
1 -280.759 | -282.670 | 18.695 | -284.890 | -281.983 | -278.964 | -275.827 | 26.127
2 -278.303 | -280.085 | -275.384 | -281.983 | -278.964 | -275.827 | -267.061 | 168.912
3 -277.679 | 670.901 | -271.837 | -278.964 | -275.714 | -272.564 | -259.546 | -262.285
4 -273.073 | -270.674 | -276.977 | -275.827 | -266.789 | -263.393 | -264.145 | -256.445
5 -262.5639 | -270.925 | -273.840 | -264.920 | -269.168 | -265.602 | -256.175 | -258.095
6 -266.724 | -268.334 | -265.440 | -263.642 | -265.631 | 33.111 | -257.588 | -244.937
7 52.646 | -171.827 | -261.749 | -265.631 | -60.013 | -258.095 | 108.357 | -248.778
8 -262.236 | -261.750 | -264.292 | -261.897 | -252.368 | -254.090 | 89.437 | -245.491
BIC
P Q
1 2 3 4 5 6 7 8
1 -269.678 | -270.020 | 32.818 | -269.395 | -265.220 | -261.046 | -256.872 | 45.995
2 -265.654 | -265.963 | -259.888 | -265.220 | -261.046 | -256.872 | -247.194 | 189.557
3 -263.5657 | 686.397 | -255.074 | -261.046 | -256.759 | -252.697 | -238.900 | -241.003
4 -257.578 | -253.912 | -259.059 | -256.872 | -246.922 | -242.748 | -242.862 | -234.676
5 245776 | -253.007 | -254.885 | -245.053 | -248.523 | -244.320 | -234.406 | -236.000
6 -248.806 | -249.379 | -245.572 | -242.996 | -244.349 | 54.880 | -235.493 | -222.686
7 71.601 | -151.960 | -241.104 | -244.349 | -38.245 | -236.000 | 130.607 | -226.556
8 -242.369 | -241.105 | -243.010 | -240.128 | -230.273 | -231.840 | 111.660 | -223.491

Table E4: ARMA and GARCH Models for J256 return deviation
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ARMA model (Input variables with 4 lags)
AlCc B
R M
1 2 3 4 5 6 7 8
1 -254.857 | -245.933 | -209.386 | 70.168 | 104.488 | 72.842 | 113.809 | 137.406
2 -242.308 | -234.816 | -191.956 | 104.647 | 115.213 | 96.292 | 136.673 | 155.283
3 -176.427 | -184.598 | -171.967 | 112.363 | 131.751 | 130.504 | 145.866 | 165.148
4 -118.098 | -203.429 | 4.489 120.544 | 133.502 | 98.663 | 162.902 | 169.274
5 -224.501 | -191.217 | -139.837 | 136.516 | 149.369 | 118.681 | 182.367 | 179.626
6 18.706 | -169.258 | -123.591 | 134.376 | 171.551 | 154.326 | 133.800 | 203.217
7 -58.457 | -158.711 | -40.199 | 145.210 | 184.604 | 178.481 | 202.928 | 218.795
8 -102.045 ] 81.950 2.707 148.608 | -60.479 50.134 | 225.800 | 242.362
BIC
R M
1 2 3 4 5 6 7 8
1 -248.082 | -241.508 | -207.775 | 68.446 98.851 62.637 98.297 115.747
2 -237.882 | -233.205 | -193.678 | 99.011 105.009 80.780 115.014 | 126.517
3 -174.816 | -186.320 | -177.603 | 102.158 | 116.240 | 108.845 | 117.099 | 128.171
4 -119.820 | -209.065 ] -5.715 105.032 | 111.843 £69.897 125.925 | 122.808
5 -230.138 | -201.421 | -155.349 | 114.857 | 120.603 81.704 135.901 | 122.180
6 8.502 -184.770 | -145.250 | 105.610 | 134.574 | 107.860 76.353 133.036
7 -73.968 | -180.370 | -68.965 | 108.233 | 138.138 | 121.034 | 132.747 | 133.795
8 -123.704 | 53.184 -34.270 | 102142 | -117.926 | -20.047 | 140.800 | 140.044
ARMA model (Input variables with 2 lags)
AlCc
R M
1 2 3 4 5 6 7 8
1 -279.638 | -275.947 | -163.316 | -251.024 | -217.120 | -32.644 95.220 71.040
2 -209.621 | -273.196 | -100.776 | -163.989 | -153.802 | 28.178 | -243.262 | 82.543
3 -249.906 | -272.606 | -99.136 13.497 37.731 42.504 111.495 86.343
4 -274.076 | -53.984 | -88.824 | -118.295 | -2.359 -70.027 | -81.651 102.332
5 -109.740 | -269.766 | -26.326 -5.153 62.599 52.075 | -183.599 | 105.476
6 -239.518 | -195.666 | -64.756 40.231 69.101 63.228 78.483 108.375
7 -86.266 | -217.794 | -94.350 40.077 76.362 72.964 | -103.061 | 116.914
8 -143.163 | -112.531 | -41.769 46.070 | -238.604 | -229.929 | 57.194 126.251
BIC
R M
1 2 3 4 5 6 7 8
1 -266.294 | -262.500 | -149.985 | -238.047 | -204.756 | -21.178 | 105.477 79.744
2 -196.174 | -259.865 | -87.799 | -151.625 | -142.336 | 38.434 | -234558 | 89.318
3 -236.575 | -259.629 | -86.773 24.963 47.988 51.209 118.270 90.769
4 -261.098 | -41.620 | -77.358 | -108.038 6.346 -63.252 | -77.225 | 103.944
5 -97.376 | -258.300 | -16.069 3.552 69.374 56.500 | -181.987 | 103.754
6 -228.052 | -185.409 | -56.051 47.006 73.527 64.839 76.761 102.738
7 -76.009 | -209.089 | -87.576 | 44.503 77.973 71.242 | -108.697 | 106.710
8 -134.458 | -105.757 | -37.343 | 47.681 |-240.326 | -235.565 | 46.990 | 110.739
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ARMA model (Input variables with 1 laq)
AlCc
R M
1 2 3 4 5 6 7 8
1 -286.106 | -253.732 | -277.213 | -301.744 | -220.609 | -66.864 | -248.416 | 26.119
2 -284.129 | -207.902 | -287.419 | -294.449 | -134.370 | -23.229 | -255.374 | 59.907
3 -290.035 | -128.273 | -228.443 | -243.085 | -100.454 | -10.620 | -50.377 | 54.793
4 -264.573 | -242.534 | -205.639 | -248.976 | 18.008 24.839 | -243.639| 67.148
5 -222.978 | -181.840 | -48.238 | -234.884 | 29.986 36.719 | -257.026 | 72.427
6 -70.277 | -282.915| -268.960 | -9.118 27.815 37.972 | -240.419| 80.001
7 -252.973 | -210.259 | -283.823 -2.740 34.050 40.141 -255.001 86.116
8 -142.816 | -28.515 | -192.657 5.960 -63.186 | -202.957 | 16.613 92.245
BIC
R M
1 2 3 4 5 6 7 8
1 -275.042 | -241.845 | -264.664 | -288.705 | -207.265 | -53.417 | -235.085 | 39.097
2 -272.243 1 -195.353 | -274.380 | -281.105 ] -120.923 | -9.897 -242.396 | 72.270
3 -277.486 | -115.234 | -215.099 | -229.638 | -87.123 2.357 -38.013 66.259
4 -251.534 | -229.190 | -192.192 | -235.645 | 30.985 37.202 | -232.173| 77.405
5 -209.634 | -168.393 | -34.906 | -221.907 | 42.349 48,185 | -246.769 | 81.131
6 -56.830 | -269.584 | -255.983 3.246 39.281 48.228 | -231.714| 86.775
7 -239.642 | -197.282 | -271.460| 8.726 44.307 48.846 | -248.227 | 90.542
8 -129.839 ] -16.152 | -181.191 16.216 -54.481 | -196.182 | 21.039 93.857
GARCH model (Input variables with 4 lags)
AlCc
P Q
1 2 3 4 5 6 7 8
1 -29.262 | -109.051 | -100.596 | -131.752 | -132.507 | -120.108 | -104.255 | 355.075
2 523.426 | -111.322 | 633.018 | -119.242 | -118.673 | -114.931 | -91.814 | 441.312
3 831.949 | -81.676 9.443 152.321 | -110.638 | -103.537 | -89.028 | 90.904
4 170.340 | 85.695 | -39.846 | -112.588 | -104.123 | -83.494 | -85.021 | -62.175
5 -64.649 | -88.111 | -103.496 | -105.920 | -94.676 | -76.952 | -74.763 | -40.949
6 202.230 | 586.529 | -91.058 | -84.805 | -73.064 | -65.619 | -59.863 | -40.587
7 812.801 | 233.039 | -86.188 | -82.777 | -72.438 | -56.497 | -34.720 | -22.254
8 64.314 -94.959 | -70.945 | -68.338 | -65.430 | -29.441 -24.300 9.048
BIC
P Q
1 2 3 4 5 6 7 8
1 -22.487 | -104.626 | -98.985 | -133.473 | -138.143 | -130.312 | -119.767 | 333.416
2 527.852 | -109.711 | 631.296 | -124.878 | -128.877 | -130.443 | -113.472 | 412.546
3 833.561 | -83.398 3.807 142.117 | -126.150 | -125.195 | -117.794 | 53.927
4 168.619 80.059 -50.050 | -128.099 | -125.782 | -112.260 | -121.998 | -108.642
5 -70.285 | -98.315 | -119.008 | -127.579 | -123.443 | -113.929 | -121.230 | -98.396
6 192.026 | 571.018 | -112.717 | -113.571 | -110.041 | -112.085 ] -117.310| -110.769
7 797.290 | 211.380 | -114.954 | -119.754 | -118.905 | -113.944 | -104.902 | -107.254
8 42.655 | -123.725| -107.923 | -114.805 | -122.877 | -99.623 | -109.300 | -93.270
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GARCH model (Input variables with 2 lags)
AlCc
P Q
1 2 3 4 5 6 7 8
1 -120.666 | -136.820 | -147.092 | -155.144 | -151.430 | -160.263 | -141.456 | -143.575
2 -129.300 | -139.135 | -146.708 | -158.726 | -161.728 | -153.410 ] -135.936 | -145.162
3 -132.478 | -132.346 | -135.080 | -151.328 | -139.059 | -151.157 | -130.176 | -124.528
4 -129.830 | -147.740 | -134.230 | -153.683 | -102.649 | -145.307 | -139.014 | -132.275
5 -129.424 | -137.459 | -141.520 | -139.024 | -130.519 | -123.951 | -132.265 | -125.005
6 -103.714 | -135.128 | 166.230 | -142.961 | -139.013 | -132.268 | -110.050 | -117.156
7 -132.820 | -105.632 | -100.041 | -138.184 | -117.112 | -80.290 | -75.905 | -108.660
8 -109.190 | -139.606 | -129.700 | -132.266 | -79.596 | -117.154 | -91.483 | -99.418
BIC
P Q
1 2 3 4 5 6 7 8
1 -107.322 | -123.373 | -133.761 | -142.166 | -139.066 | -148.797 | -131.199 | -134.870
2 -115.853 | -125.804 | -133.730 | -146.362 | -150.262 | -143.153 | -127.231 | -138.388
3 -119.147 | -119.369 | -122.716 | -139.862 | -128.802 | -142.453 | -123.402 | -120.103
4 -116.853 | -135.377 | -122.764 | -143.427 | -93.945 | -138.533 | -134.589 | -130.664
5 -117.060 | -125.993 | -131.263 | -130.319 | -123.744 | -119.526 | -130.654 | -126.727
6 -92.248 | -124.871 | 174.935 | -136.187 | -134.588 | -130.657 | -111.772 | -122.793
7 -122.563 | -96.927 | -93.266 | -133.758 | -115.500 | -82.011 | -81.541 | -118.865
8 -100.486 | -132.831 | -125.274 | -130.655 | -81.318 | -122.790 | -101.687 | -114.930
GARCH model (Input variables with 1 lag)
AlCc
P Q
1 2 3 4 5 6 7 8
1 -154.515 | -152.558 | -147.017 | -150.348 | -153.042 | -142.317 | -145.166 | -140.880
2 -145.066 | -157.073 | -153.632 | -146.707 | -149.213 | -138.269 | -140.880 | -136.335
3 42,690 | -151.657 | -135.927 | -146.175 | -145.166 | -133.983 | -136.335 | -124.608
4 37.524 | -148.029 | -94.015 | -144.554 | -140.880 | -136.335 | -131.505 | -126.364
5 244.013 | -142.873 | -114.035 | -140.268 | -136.335 | -131.505 | -126.364 | -120.880
6 -125.599 | -123.752 | -130.771 | -135.723 | -131.505 | -126.364 | -120.880 | -115.018
7 -144.554 | -114.190 | -135.723 | -130.893 | -119.467 | -120.880 | -108.121 | -101.840
8 54378 | -117.187 | -130.893 | -125.752 | -120.880 | -115.018 | -101.840 | -101.991
BIC
P Q
1 2 3 4 5 6 7 8
1 -143.451 | -140.672 | -134.468 | -137.309 | -139.698 | -128.869 | -131.835 | -127.903
2 -133.179 | -144.524 | -140.592 | -133.362 | -135.766 | -124.938 | -127.903 | -123.971
3 55,239 | -138.617 | -122.583 | -132.728 | -131.835 | -121.006 | -123.971 | -113.142
4 50.564 | -134.685| -80.568 | -131.222 | -127.903 | -123.971 | -120.039 | -116.107
5 257.357 | -129.426 | -100.704 | -127.291 | -123.971 | -120.039 | -116.107 | -112.175
6 -112.152 | -110.420 | -117.794 | -123.359 | -120.039 | -116.107 | -112.176 | -108.244
7 -131.222 | -101.213 | -123.359 | -119.427 | -109.210 | -112.175| -101.347 | -97.415
8 67.355 | -104.823 | -119.427 | -115.495 | -112.175 | -108.244 | -97.415 | -100.380

Table E5: ARMA and GARCH Models for retail property return
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ARMA model (Input variables with 4 lags)
AlCc N
R M
1 2 3 4 5 6 7 8
1 -306.683 | -303.792 | -334.716 | -331.057 | -252.037 | -231.001 | -289.883 | -13.081
2 -303.880 | -300.234 | -247.178 | -319.456 | -276.124 | -244.417 | -266.599 | -76.280
3 -310.343 | -306.963 | -327.904 | -322.860 | -256.123 | -284.567 | -212.720 | -53.267
4 -307.083 | -278.986 | -307.232 | -34.787 | -306.143 | -284.019 | -264.703 | -144.614
5 -308.013 | -306.804 | -305.674 | -319.554 | -297.241 | -303.289 | -246.924 | -79.649
6 -308.283 | -299.982 | -310.371 | -312.698 | -305.275 | -297.172 | -281.567 | -242.864
7 -307.347 | -303.129 | -313.188 | -304.445 | -292.319 | -239.752 | -286.455 | 67.200
8 -286.001 | -279.072 | -308.205 | -281.431 | -301.068 | -300.643 | -295.290 | -270.878
BIC
R M
1 2 3 4 5 6 7 8
1 -295.619 ] -291.906 | -322.167 | -318.018 | -238.692 | -217.554 | -276.552 | -0.103
2 -291.994 | -287.685 | -234.138 | -306.112 | -262.677 | -231.086 | -253.621 | -63.916
3 -297.794 | -293.923 | -314.560 | -309.413 | -242.792 | -271.590 | -200.356 | -41.801
4 -294.043 | -265.642 | -293.785 | -21.456 | -293.166 | -271.655 | -253.237 | -134.357
5 -294.669 | -293.357 | -292.343 | -306.577 | -284.877 | -291.823 | -236.667 | -70.945
6 -294.836 | -286.651 | -297.394 | -300.334 | -293.809 | -286.915 | -272.862 | -236.090
7 -294.016 | -290.152 | -300.825 | -292.979 | -282.062 | -231.047 | -279.680 | 71.626
8 -273.023 | -266.709 | -296.739 | -271.174 | -292.364 | -293.868 | -290.864 | -269.266
ARMA model (Input variables with 2 lags)
AlCc
R M
1 2 3 4 5 6 7 8
1 -312.285 | 53.622 | -262.758 | -77.730 23.839 12.788 | -284.827 | -10.597
2 -307.890 | -243.645 | 81.554 64.360 | -91.603 | -37.300 | 57.330 | -22.040
3 31.288 | -296.697 | -295.147 | 46.648 | -229.346 | 46.667 60.606 | -81.841
4 -306.995 | -97.168 | -311.492 12.820 70.962 69.017 64.161 -65.464
5 -317.345 | -308.134 | -293.910 | 52.559 | -186.583 | -208.402 | 48.227 | -24.527
6 -293.069 | -308.563 | -284.414 | -303.401 | -277.064 | -223.796 | 12.619 | -30.709
7 -164.395 | -304.153 | -277.319 | -289.977 | -234.205 | -289.043 | 34.601 -161.001
8 -249.236 | -307.051 | -307.589 | -301.606 | -278.020 | -255.895 | -266.259 | -263.709
BIC
R M
1 2 3 4 5 6 7 8
1 -303.299 | 63.717 | -251.693 | -65.843 | 36.388 25.827 | -271.483 | 2.851
2 -297.796 | -232.580 | 93.440 76.909 -78.564 | -23.956 70.777 -8.708
3 42.353 | -284.811 | -282.598 | 59.687 | -216.001 | 60.114 73.937 | -68.864
4 -295.108 | -84.619 | -298.453 | 26.164 84.409 82.348 77.139 | -53.100
5 -304.796 | -295.094 | -280.566 | 66.006 | -173.251 | -195.425 | 60.590 -13.061
6 -280.029 | -295.219 | -270.967 | -290.070 | -264.087 | -211.432 | 24.085 | -20.452
7 -151.051 | -290.706 | -263.988 | -277.000 | -221.841 | -277.577 | 44.858 | -152.297
8 -235.789 | -293.719 | -294.612 | -289.243 | -266.554 | -245.639 | -257.554 | -256.935
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ARMA model (Input variables with 1 lag)
AlCc
R M
1 2 3 4 5 6 7 8
1 -312.463 | 144.174 | -320.692 | -144.241 | 74.093 3.688 | -262.169 | -163.192
2 63.477 | -225.791 67.943 52.402 71.005 | -112.674] -277.803 | -148.362
3 48.899 | -307.015] 62.959 53.508 72.248 | -322.181 )] -71.560 | -77.627
4 -177.011 | -313.052 | -290.891 | -301.309 | -161.554 | 69.092 | -153.612 ] -180.073
5 42.707 | -142.043 ] -233.079 | 51.189 | -240.909 | 23.782 31.269 | -276.643
6 -316.159 | -296.833 | -306.042 | -294.310 | -282.803 | -250.907 | -219.778 | -181.133
7 -317.903 | -312.826 | -318.946 | 40.041 | -258.356 | -195.012 | -241.059 | 19.311
8 -137.562 | -310.063 | -294.095 | -284.759 | 19.879 | -284.750| -181.048 | -233.378
BIC
R M
1 2 3 4 5 6 7 8
1 -304.713 | 153.160 | -310.598 | -133.177 | 85.980 16.237 | -249.129 | -149.848
2 72.463 | -215.697 | 79.007 64.288 83.554 -99.635 | -264.459 | -134.915
3 58.993 | -295.950 | 74.846 66.057 85.288 | -308.837 ] -58.113 | -64.296
4 -165.946 | -301.165 | -278.342 | -288.269 | -148.210 | 82.539 | -140.280 | -167.096
5 54.594 | -129.494 | -220.039 | 64.533 | -227.462 | 37.113 44.247 | -264.279
6 -303.610 | -283.793 | -292.698 | -280.863 | -269.472 | -237.929 | -207.414 | -169.667
7 -304.863 | -299.482 | -305.499 | 53.372 | -245.379 ] -182.648 | -229.593 | 29.568
8 -124.218 | -296.616 | -280.763 | -271.782 | 32.243 | -273.284 | -170.792 | -224.673
GARCH model (Input variables with 4 lags)
AlCc
P Q
1 2 3 4 5 6 7 8
1 -157.377 | -154.268 | -150.998 | -147.557 | -143.930 | -140.101 | -136.053 | -131.768
2 -154.268 | -150.998 | -147.557 | -143.929 | -140.101 | -136.053 | -131.768 | -127.222
3 -150.998 | -147.557 | -143.930 | -140.101 | -136.053 | -131.768 | -127.222 | -122.393
4 -147.557 | -143.930 | -140.101 | -136.053 | -131.768 | -127.222 | -122.393 | -117.251
5 -143.930 | -140.101 | -136.053 | -131.768 | -127.222 | -122.393 | -117.251 | -111.768
6 -140.101 | -136.053 | -131.768 | -127.222 | -122.393 | -117.251 | -111.768 | -105.906
7 -136.053 | -131.768 | -127.222 | -122.393 | -117.251 | -111.768 | -105.906 | -99.625
8 -131.768 | -127.222 | -122.393 | -117.251 | -111.768 | -105.906 | -99.625 | -92.879
BIC
P Q
1 2 3 4 5 6 7 8
1 -146.313 | -142.381 | -138.449 | -134.518 | -130.586 | -126.654 | -122.722 | -118.790
2 -142.381 | -138.449 | -134.518 | -130.585 | -126.654 | -122.722 | -118.790 | -114.858
3 -138.449 | -134.518 | -130.586 | -126.654 | -122.722 | -118.790 | -114.858 | -110.927
4 -134.518 | -130.586 | -126.654 | -122.722 | -118.790 | -114.858 | -110.927 | -106.995
5 -130.586 | -126.654 | -122.722 | -118.790 | -114.858 | -110.927 | -106.995 | -103.063
6 -126.654 | -122.722 | -118.790 | -114.858 | -110.927 | -106.995 | -103.063 | -99.131
7 -122.722 | -118.790 | -114.858 | -110.927 | -106.995 | -103.063 | -99.131 -95.199
8 -118.790 | -114.858 | -110.927 | -106.995 | -103.063 | -99.131 | -95.199 | -91.267
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GARCH model (Input variables with 2 lags)
AlCc
P Q
1 2 3 4 5 6 7 8
1 -160.514 | -157.690 | -154.728 | -151.618 | -148.349 | -144.908 | -141.280 | -137.452
2 -157.690 | -154.728 | -151.618 | -148.349 | -144.908 | -141.280 | -137.452 | -133.404
3 -154.728 | -151.618 | -148.349 | -144.908 | -141.280 | -137.452 | -133.404 | -129.118
4 -151.618 | -148.349 | -144.908 | -141.280 | -137.452 | -133.404 | -129.118 | -124.573
5 -148.349 | -144.908 | -141.280 | -137.452 | -133.404 | -129.118 | -124.573 | -119.743
6 -144.908 | -141.280 | -137.452 | -133.404 | -129.118 | -124.573 | -119.743 | -114.568
7 -141.280 | -137.452 | -133.404 | -129.118 | -124.573 | -119.743 | -114.602 ]| -109.118
8 -137.452 | -133.404 | -129.118 | -124.573 | -119.743 | -114.602 | -109.118 | -103.256
BIC
P Q
1 2 3 4 5 6 7 8
1 -151.527 | -147.596 | -143.664 | -139.732 | -135.800 | -131.868 | -127.936 | -124.005
2 -147.596 | -143.664 | -139.732 | -135.800 | -131.868 | -127.936 | -124.004 | -120.073
3 -143.664 | -139.732 | -135.800 | -131.868 | -127.936 | -124.005 | -120.073 | -116.141
4 -139.732 ] -135.800 | -131.868 | -127.936 | -124.005 | -120.073 | -116.141 ]| -112.209
5 -135.800 | -131.868 | -127.936 | -124.005 | -120.073 | -116.141 | -112.209 | -108.277
6 -131.868 | -127.936 | -124.005 | -120.073 | -116.141 | -112.209 | -108.277 | -104.312
7 -127.936 | -124.005 | -120.073 | -116.141 | -112.209 | -108.277 | -104.345 | -100.414
8 -124.005 ] -120.073 | -116.141 | -112.209 | -108.277 | -104.345 | -100.414 | -96.482
GARCH model (Input variables with 1 lag)
AlCc
P Q
1 2 3 4 5 6 7 8
1 -163.093 | -160.398 | -157.574 | -154.612 | -151.503 | -148.233 | -144.792 | -141.165
2 -160.392 | -157.574 | -154.612 | -151.503 | -148.233 | -144.792 | -141.165 | -137.336
3 -157.574 | -154.612 | -151.503 | -148.233 | -144.792 | -141.165 | -137.336 | -133.288
4 -154.612 | -151.503 | -148.233 | -144.792 | -141.165 | -137.336 | -133.288 | -129.003
5 -151.503 | -148.233 | -144.792 | -141.165 | -137.336 | -133.288 | -129.003 | -124.457
6 -148.233 | -144.792 | -141.165 | -137.336 | -133.288 | -129.003 | -124.457 | -119.628
7 -144.792 | -141.165 | -137.336 | -133.288 | -129.003 | -124.457 | -119.628 | -114.486
8 -141.165 | -137.336 | -133.288 | -54.286 | -124.457 | -119.628 | -114.486 | -109.003
BIC
P Q
1 2 3 4 5 6 7 8
1 -155.343 | -151.412 | -147.480 | -143.548 | -139.616 | -135.684 | -131.752 | -127.821
2 -151.406 | -147.480 | -143.548 | -139.616 | -135.684 | -131.752 | -127.821 | -123.889
3 -147.480 | -143.548 | -139.616 | -135.684 | -131.752 | -127.821 | -123.889 | -119.957
4 -143.548 | -139.616 | -135.684 | -131.752 | -127.821 | -123.889 | -119.957 | -116.025
5 -139.616 | -135.684 | -131.752 | -127.821 | -123.889 | -119.957 | -116.025 | -112.093
6 -135.684 | -131.752 | -127.821 | -123.889 | -119.957 | -116.025 | -112.093 | -108.161
7 -131.752 | -127.821 | -123.889 | -119.957 | -116.025 | -112.093 | -108.161 | -104.230
8 -127.821 | -123.889 | -119.957 | -41.308 | -112.093 | -108.161 | -104.230 | -100.298

Table E6: ARMA and GARCH Models for office property return
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ARNMA model (Input variables with 4 lags)

AlCc
R M
1 2 3 4 5 6 7 8
1 -272174 | -32.1627 | -278.601 | -276.068 | -22.8232 | -279.175 | -33.1609 | 67.6894
2 -262.285 | -49.8802 | -236.542 | -166.739 | -13.852 | -223.224 | -11.2302 | 79.3809
3 -277.047 | -205.842 1 -150.105 | -66.4894 6.171 -265.676 | -15.2756 | 86.6251
4 -69.251 | -60.6815] -214.738 | -203.471 | -263.718 | -249.648 | -19.2012 | 93.0629
5 -141.989 | -137.658 | 7.1151 2.7107 | -246.645 | -260.08 | -18.8707 | 101.7384
6 -33.596 | -27.6692 | -130.305 | 1.5019 | -262.692 | -221.645 | 69.0477 | 108.5349
7 -67.128 | -8.9037 8.4703 0.9375 | -214.304 | -168.298 | 90.5177 | 117.048
8 -17.885 | 23.0261 | -15.7585 | 23.5471 -0.1559 | 63.2349 | 116.1187 | 126.3094
BIC
R M
1 2 3 4 5 6 7 8
1 -258.830 | -18.716 | -265.270 | -263.091 | -10.459 | -267.709 | -22.904 76.394
2 -248.838 | -36.549 | -223.564 | -154.375| -2.386 | -212.968 | -2.526 86.155
3 -263.715] -192.865 | -137.742 | -55.023 16.428 | -256.971 -8.501 91.051
4 -56.274 | -48.318 | -203.272 | -193.214 | -255.013 | -242.873 | -14.776 94,674
5 -129.625 | -126.192 | 17.372 11.415 | -239.871 | -255.655 | -17.259 | 100.017
6 -22.130 | -17.412 | -121.600 8.276 -258.266 | -220.033 | 67.326 102.899
7 -56.871 -0.199 15.245 5.363 -212.692 | -170.020 | 84.882 106.844
8 -9.180 29.801 -11.333 25.158 -1.878 57.599 105.914 | 110.798
ARNA model (Input variables with 2 lags)
AlCc
R M
1 2 3 4 5 6 7 8
1 -283.349 | -267.554 | -302.751 | -37.328 | -59.030 | -46.646 | -39.067 52.054
2 -279.979 | -265.908 | -106.079 | -235.919 | -39.389 | -28.265 | -150.917 | 57.541
3 -298.844 | -161.890 | -285.774 | -44.698 | -31.042 | -32.795 -7.721 64.376
4 -237.249 | -204.331 | -180.033 | -265.260 | -48.593 -1.896 14.062 67.524
5 -42.242 | -290.078 | -41.852 | -217.802 | -251.382 | -43.528 | -75.092 74.459
6 -156.561 | -26.803 | -252.407 | -206.232 | -234.502 | -6.529 -64.809 79.677
7 -28.141 | -232.370 | -64.901 -12.461 | -106.225] -5.913 31.389 73.756
8 -58.584 | -40.406 | -99.131 | -252.770 | -126.427 | 41.312 47.694 93.344
BIC
R M
1 2 3 4 5 6 7 8
1 -272.284 | -255.668 | -290.202 | -24.288 | -45.686 | -33.199 | -25.736 65.031
2 -268.092 | -253.359 | -93.039 | -222.575 | -25.942 | -14.934 | -137.939 | 69.905
3 -286.295 | -148.850 | -272.429 | -31.251 -17.710 | -19.817 4.643 75.842
4 -224.209 1 -190.987 | -166.586 | -251.928 | -35.616 10.468 25.528 77.781
5 -28.898 | -276.631 | -28.520 | -204.825 | -239.018 | -32.062 | -64.836 83.164
6 -143.114 | -13.472 | -239.429 | -193.868 | -223.036 3.728 -56.104 86.451
7 -14.810 | -219.392 | -52.537 -0.995 -95.968 2.792 38.164 78.181
8 -45.607 | -28.042 | -87.665 | -242.513 | -117.722 | 48.086 52.119 94.955
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ARMA model (Input variables with 1 laq)
AlCc
R M
1 2 3 4 5 6 7 8
1 -284.007 | -290.040 | -292.321 | -288.795 | -193.144 | -246.630 | -257.001 | -18.599
2 -287.601 | -277.026 | -139.293 | -281.596 | -59.192 | -191.982 | -255.668 | -1.484
3 -296.535 | -293.612 | -264.200 | -290.223 | -271.061 | -157.114 | -257.357 -7.320
4 -293.108 | -286.499 | -257.025 | -291.521 | -93.471 -92.320 10.401 66.091
5 -136.410 | -277.923 | -272.534 | -271.851 | -84.475 | -248.570 | -270.699 | -5.586
6 -172.103 | -282.214 | -218.744 | -278.280 | -28.984 | -43.082 | -85.568 13.167
7 -254 558 | -264.518 | -41.788 | -196.120 | -54.397 | -83.418 | -86.985 18.943
8 -105.859 | -205.122 | -265.910 | -205.515 | -136.630 | -7.544 -22.924 | -60.189
BIC
R M
1 2 3 4 5 6 7 8
1 -275.021 | -279.945 | -281.257 | -276.909 | -180.595 | -233.590 | -243.657 | -5.152
2 -277.507 | -265.962 | -127.406 | -269.047 | -46.153 | -178.638 | -242.221 | 11.847
3 -285.470 ] -281.725 | -251.651 | -277.184 | -257.717 | -143.667 | -244.025 5.657
4 -281.222 | -273.950 | -243.985 | -278.177 | -80.024 | -78.989 | 23.379 78.455
5 -123.861 | -264.884 | -259.190 | -258.404 | -71.144 | -235.593 | -258.335| 5.880
6 -159.0683 | -268.870 | -205.297 | -264.949 | -16.007 | -30.718 | -74.102 23.424
7 -241.214 | -251.071 | -28.457 | -183.142 | -42.033 | -71.952 | -76.728 27.648
8 -92.412 | -191.791 | -252.933 | -193.151 | -125.164 | 2.712 -14.219 | -53.415
GARCH model (Input variables with 4 lags)
AlCc
P Q
1 2 3 4 5 6 7 8
1 -189.413 | -101.677 | -170.451 | -201.846 | -197.325 | -199.251 | -187.334 | -181.867
2 256.621 | -171.856 | -187.243 | -197.301 | -192.482 | -187.350 | -188.585 | -182.911
3 44,513 | -186.141 | 182.135 | -192.497 | -187.335 | -188.407 | -175.987 | -169.716
4 -193.775 | -154.934 | -179.391 | -187.333 | -188.615 | -175.993 | -176.444 | -169.219
5 13.717 | -151.571 | -143.404 | -188.609 | -182.831 | -169.707 | -162.993 | -155.721
6 236.467 | -146.702 | -181.880 | -182.771 | -176.432 | -169.889 | -162.454 | -154.630
7 18.160 | -132.368 | -176.024 | -169.736 | -169.568 | -162.500 | -147.856 | -139.370
8 -108.184 | 107.958 | -169.714 | -162.962 | -162.473 | -147.874 | -139.402 | -130.109
BIC
P Q
1 2 3 4 5 6 7 8
1 -176.068 | -88.229 | -157.120 | -188.868 | -184.961 | -187.785 | -177.078 | -173.162
2 270.068 | -158.524 | -174.266 | -184.937 | -181.016 | -177.093 | -179.880 | -176.136
3 57.845 | -173.163 | 194.498 | -181.031 | -177.078 | -179.702 | -169.212 | -165.291
4 -180.798 | -142.570 | -167.924 | -177.076 | -179.910 | -169.218 | -172.019 | -167.608
5 26.081 | -140.105 | -133.147 | -179.904 | -176.056 | -165.282 | -161.382 | -157.443
6 247.933 | -136.445 | -173.175 | -175.997 | -172.006 | -168.277 | -164.176 | -160.266
7 28.417 | -123.664 | -169.249 | -165.310 | -167.957 | -164.222 | -153.492 | -149.575
8 -99.479 | 114.732 | -165.288 | -161.351 | -164.195 | -153.510 | -149.606 | -145.621
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GARCH model (Input variables with 2 lags)
AlCc
P Q
1 2 3 4 5 6 7 8
1 7.632 | -188.649 ] -185.379 | -181.938 | -178.311 | -174.558 | -175.716 | -171.782
2 -188.413 | -161.692 | -181.938 | -178.311 | -174.482 | -170.510 ] -171.430 | -167.236
3 41.905 | -176.193 | -178.311 | -174.482 | -170.434 | -166.225 | -166.884 | -162.407
4 -145.861 | -151.499 | -174.482 | -170.434 | -166.149 | -161.679 ] -161.099 | -157.266
5 153.894 | -129.641 | -170.500 | -166.214 | -161.668 | -156.850 | -156.914 | -151.781
6 79.785 | -162.648 | -168.532 | -163.986 | -159.157 | -154.016 | -151.420 | -147.048
7 -159.490 | -155.611 | -164.147 | -159.317 | -154.176 | -148.692 | -145.581 | -137.963
8 -131.695| -164.090 | -159.317 | -154.176 | -148.692 | -142.830 | -139.291 | -134.018
BIC
P Q
1 2 3 4 5 6 7 8
1 18.697 | -176.762 | -172.830 | -168.898 | -164.967 | -161.111 | -162.384 | -158.804
2 -176.527 | -149.143 | -168.898 | -164.967 | -161.035 | -157.179 | -158.453 | -154.872
3 54,454 | -163.153 | -164.967 | -161.035 | -157.103 | -153.247 | -154.521 | -150.941
4 -132.822 | -138.155| -161.035 | -157.103 | -153.171 | -149.316 | -149.633 | -147.009
5 167.238 | -116.194 | -157.168 | -153.236 | -149.305 | -145.384 | -146.658 | -143.077
6 93.232 | -149.317 | -155.554 | -151.623 | -147.691 | -143.759 | -142.715 | -140.273
7 -146.159 | -142.634 | -151.783 | -147.851 | -143.920 | -139.088 | -138.807 | -133.538
8 -118.718 | -151.727 | -147.851 | -143.920 | -139.988 | -136.056 | -134.865 | -132.406
GARCH model (Input variables with 1 lag)
AlCc
P Q
1 2 3 4 5 6 7 8
1 -144.114 | -158.857 | -137.136 | -177.526 | -174.257 | -170.815] -167.188 | -163.359
2 -30.838 | -153.586 | -177.526 | -174.257 | -170.815 | -167.188 | -163.359 | -159.312
3 359.562 | -177.526 | -174.257 | -170.815 | -167.188 | -163.359 | -159.312 | -155.026
4 -177.526 | -174.257 | -170.815 | -167.188 | -163.359 | -159.312 | -155.026 | -150.481
5 -174.257 | -170.815 | -167.188 | -163.359 | -159.312 | -155.026 | -150.481 | -145.651
6 -170.815| -167.188 | -163.359 | -159.312 | -155.026 | -150.481 | -145.651 | -140.510
7 -165.833 | -163.359 | -159.312 | -155.026 | -150.481 | -145.651 | -141.587 | -135.026
8 -163.363 | -159.316 | -155.030 | -150.484 | -145.655 | -140.514 | -135.030 | -129.168
BIC
P Q
1 2 3 4 5 6 7 8
1 -135.128 | -148.762 | -126.071 | -165.640 | -161.708 | -157.776 | -153.844 | -149.912
2 -20.744 | -142.521 | -165.640 | -161.708 | -157.776 | -153.844 | -149.912 | -145.980
3 370.626 | -165.640 | -161.708 | -157.776 | -153.844 | -149.912 | -145.980 | -142.049
4 -165.640 | -161.708 | -157.776 | -153.844 | -149.912 | -145.980 | -142.049 | -138.117
5 -161.708 | -157.776 | -153.844 | -149.912 | -145.980 | -142.049 | -138.117 | -134.185
6 -157.776 | -153.844 | -149.912 | -145.980 | -142.049 | -138.117 | -134.185 | -130.253
7 -152.489 | -149.912 | -145.980 | -142.049 | -138.117 | -134.185| -131.330 | -126.321
8 -149.916 | -145.984 | -142.052 | -138.121 | -134.189 | -130.257 | -126.325 | -122.393

Table E7: ARMA and GARCH Models for industrial property return
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ARMA model (Input variables with 4 lags)
AlCc -
R M
1 2 3 4 5 6 7 8
1 70.000 143.400 153.800 | 246.800 | 346.200 | 341.200 | 392.600 | 377.800
2 58.100 161.600 174.000 | 271.400 | 372.400 | 384.800 | 427.100 ]| 425.300
3 121.900 182.100 198.200 | 295.800 | 408.800 | 425.000 | 479.400 | 480.300
4 175.300 206.100 225.900 | 369.700 | 446.400 | 498.800 | 539.500 | 672.200
5 210.700 233.300 259.200 | 396.100 | 481.900 | 565.800 | 612.400 | 664.600
6 238.300 265.500 298.000 | 422.000 | 500.700 | 584.100 | 681.500 | 2715.400
7 265.600 309.800 351.600 | 474.000 | 621.100 | 744.900 | 874.100 | 1017.300
8 305.600 352.600 | 406.500 | 551.800 | 614.500 | 767.200 | 985.200 | 1484.600
BIC
R M
1 2 3 4 5 6 7 8
1 19.400 80.800 77.100 153.300 | 232.700 | 203.900 | 226.400 | 176.200
2 -4.500 84.800 80.500 158.000 | 235.200 | 218.600 | 225.400 | 179.400
3 45.100 88.600 84.800 158.500 | 242.600 | 223.300 | 233.600 | 178.300
4 81.800 92.700 88.600 203.600 | 244.700 | 253.000 | 237.400 ]| 296.700
5 97.300 96.100 93.000 194.400 | 236.100 | 263.800 | 237.000 | 190.100
6 101.000 99.300 96.300 176.100 | 198.700 | 208.700 | 207.000 | 2100.600
7 99.500 108.100 105.800 171.900 | 245.700 | 270.400 | 259.300 | 190.100
8 104.000 106.800 104.500 176.400 | 140.000 | 152.500 | 158.100 | 301.000
ARMA model (Input variables with 2 lags)
AlCc
R M
1 2 3 4 5 6 7 8
1 -268.846 23.235 -38.097 -20.891 141.307 | 159.408 | 146.935 | 138.663
2 -270.624 28.955 -13.400 | -145.237 | 149.316 | 168.254 63.897 158.182
3 -214.541 35.048 2.566 219.004 | 158.829 | 177.822 | 171.397 | 168.176
4 -14.807 41.300 48.457 151.918 | 163.868 | 185.206 | 193.874 | 182.691
5 -148.363 49.186 56.731 163.730 | 174.749 | 196.187 | 175.662 | 196.304
6 -10.956 56.696 67.406 150.017 | 167.572 | 188.129 | 217.348 | 200.201
7 -118.679 65.399 78.665 171.279 | 174.289 | 202.797 | 230.009 | 212.986
8 60.552 73.818 86.350 166.357 | 133.339 | 173.572 | 159.299 | 178.600
BIC
R M
1 2 3 4 5 6 7 8
1 -260.347 30.259 -32.943 -18.046 | 141.350 | 156.095 | 139.639 | 126.671
2 -263.600 | 34.110 -10.555 | -145.194 | 146.003 [ 160.957 | 56.905 | 140.681
3 -209.387 37.893 2.609 215.691 151.532 | 165.830 | 153.896 | 144.230
4 -11.962 41.343 45.143 144.622 | 151.876 | 167.704 | 169.927 | 151.216
5 -148.320 45.872 49.434 151.738 | 157.248 | 172.241 144.187 | 156.036
6 -14.269 49.400 55.414 132.516 | 143.626 | 156.653 | 177.080 | 149.652
7 -125.975 53.407 61.163 147.332 | 142.814 | 162.529 | 179.460 | 150.390
8 48.560 56.317 62.404 134.882 93.070 123.023 96.703 101.838
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ARMA model (Input variables with 1 lag)
AlCc
R M
1 2 3 4 5 6 7 8
1 -130.000 | -146.971 | -333.357 90.027 79.914 30.897 86.999 106.248
2 -42.477 -77.506 | -332.043 | 94.266 82.744 87.106 22.972 88.518
3 -195.116 | -211.024 | -308.735 | 102.551 89.757 94,266 88.025 93.695
4 -126.377 14.105 -205.726 66.231 97.092 82.430 98.450 91,5632
5 -58.440 -28.727 | -135.498 83.286 102.072 25.696 114.260 102.185
6 -123.440 12.415 | -178.811 79.877 100.350 | 114.134 | 115.463 | 107.282
7 20.340 21.435 12.185 89.117 109.983 | 110.252 | 118.185 114.975
8 -113.683 23.517 -169.168 91.281 -98.577 84.850 78.956 96.211
BIC
R M
1 2 3 4 5 6 7 8
1 -119.041 | -135.796 | -322.186 | 100.954 90.332 40.516 95,498 113.272
2 -31.302 -66.334 | -321.116 | 104.684 92.363 95.605 29.996 93.673
3 -183.945 | -200.097 | -298.316 | 112.170 98.256 101.290 93.180 96.540
4 -115.450 24.523 | -196.107 | 74.730 104.116 | 87.585 101.295 | 91.575
5 -48.022 -19.108 | -127.000 90.310 107.226 28.541 114.303 98.872
6 -113.821 20.914 -171.787 85.032 103.195 | 114177 | 112.149 99,985
7 28.839 28.459 17.340 91.963 110.026 | 106.938 | 110.889 | 102.983
8 -106.659 28.671 -166.323 | 91.324 | -101.891 77.553 66.964 78.710
GARCH model (Input variables with 4 lags)
AlCc
P Q
1 2 3 4 5 6 7 8
1 218.200 272.800 114.800 85.900 200.400 | 111.400 | 126.000 | 546.400
2 272.900 336.100 218.800 80.600 168.900 | 118.900 | 168.600 | 237.800
3 384.600 | 321.800 | 312.100 | 281.900 | 382.600 | 154.800 | 235.600 | 272.400
4 722.400 742.600 136.100 262.500 | 414.000 | 236.500 | 291.500 | 414.800
5 277.800 176.600 144.000 286.200 | 799.400 | 342.800 | 457.600 | 573.100
6 526.900 | 427.900 | 130.200 | 369.200 | 392.800 | 431.300 | 569.700 | 667.100
7 789.000 669.800 328.000 386.400 | 451.500 | 556.400 | 672.200 | 927.600
8 484.700 603.100 381.100 421.100 | 547.200 | 674.000 | 894.700 | 1258.800
BIC
P Q
1 2 3 4 5 6 7 8
1 167.679 210.186 38.023 -7.583 86.999 -25.882 -40.141 344.756
2 210.299 | 259.371 125.253 | -32.776 31.620 -47 251 -33.074 -8.012
3 307.883 228.330 198.683 144.610 | 216.441 -46.882 -10.275 -29.691
4 628.929 629.235 -1.144 96.276 212.342 -9.316 -10.514 39.433
5 164,355 39.293 -22.160 84.604 | 553.526 | 40.749 82.222 98.600
6 389.580 261.680 -71.403 123.367 90.805 55.909 95.168 52.306
7 622.820 468.151 82.123 84.339 76.086 81.856 57.402 100.411
8 283.064 | 357.242 79.010 45,685 72.685 59.249 67.509 75.162
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GARCH model (Input variables with 2 lags)
AlCc
P Q
1 2 3 4 5 6 7 8
1 -80.739 -9.883 -320.094 | -105.469 | 25.828 | -224.247 | -204.925 | -196.970
2 424.566 | 417.920 | -186.711 | -229.037 | -223.242 | -40.785 60.347 | -247.848
3 80.978 268.651 | 173.148 | 182.699 | 72.006 | -198.612 | 60.103 | -158.496
4 685.564 54167 -8.556 -171.251 | -220.037 | 101.971 | -258.339 | -248.450
5 204.352 348.022 43.377 358.488 | -232.857 | 64.707 | -176.767 ]| -170.282
6 115.937 | -192.839 | 420.332 | -201.998 | 276.120 | -230.146 | 237.267 | -217.417
7 578.207 | 685.794 | -43.935 18.435 | -243.469 | -222.292 | -217.546 | -187.449
8 191.523 | -223.739 | 379.660 -18.632 | -198.330 | -176.815 | -155.031 | 462.376
BIC
P Q
1 2 3 4 5 6 7 8
1 -72.240 -2.859 | -314.939 | -102.624 | 25.871 | -227.560 | -212.222 | -208.962
2 431.590 | 423.075 | -183.866 | -228.994 | -226.556 | -48.082 48.355 | -265.350
3 86.132 271.496 173.191 179.385 64.710 | -210.604 | 42.602 | -182.442
4 688.409 54.210 -11.870 | -178.548 | -232.029 | 84.469 | -282.285 | -279.925
5 204.395 | 344.708 36.080 | 346.496 [ -250.359 | 40.760 | -208.243 | -210.550
6 112.623 | -200.136 | 408.340 | -219.499 | 252.174 | -261.621 | 196.999 | -267.966
7 570.910 673.802 -61.436 -5.511 -274.944 | -262.560 | -268.094 | -250.045
8 179.531 | -241.240 | 355.713 | -50.107 | -238.598 | -227.364 | -217.627 | 385.614
GARCH model (Input variables with 1 lag)
AlCc
P Q
1 2 3 4 5 6 7 8
1 -161.998 | -207.342 | -266.487 | -353.235 | -232.863 | 80.158 | -360.432 | -75.671
2 381.410 | 94.686 | -204.784 | -42.985 [ -301.811 | 15.064 10.559 | -292.800
3 60.167 | -204.460 | -66.244 | 210.436 | -858.709 | -15.011 2.495 | -338.006
4 687.896 117.248 32.015 -103.663 | -31.659 | -36.370 | -344.781 | -142.493
5 746.605 154.262 266.900 | -193.861 | 107.943 | -241.275 | -50.503 98.070
6 90.347 | -112.156 | -245.898 | -351.655 | -318.414 | -339.086 | -330.929 | -323.973
7 -286.350 | -166.147 | 73.447 | 194.801 | 123.508 | 309.465 [ 21.532 | -307.374
8 -64.037 | -336.307 | -341.869 | -220.250 | -238.715 | -323.290 | -315.412 | -304.177
BIC
P Q
1 2 3 4 5 6 7 8
1 -151.039 | -196.166 | -255.316 | -342.308 | -222.444 | 89.777 | -351.933 | -68.647
2 392.585 105.857 | -193.857 | -32.567 | -292.192 | 23.563 17.582 | -287.646
3 71.339 -193.533 | -55.826 220.055 | -350.210 | -7.987 7.650 -335.160
4 698.823 127.666 41.634 -95.164 -24.635 | -31.215 | -341.936 | -142.450
5 757.023 | 163.881 | 275.399 | -186.837 [ 113.098 | -238.430 | -50.460 | 94.756
6 99.965 | -103.657 | -238.874 | -346.500 | -315.569 | -339.043 | -334.243 | -331.270
7 -277.851 | -159.123 78.602 197.647 | 123.551 | 306.151 14.235 | -319.366
8 -57.013 | -331.152 | -339.024 | -220.207 | -242.029 | -330.587 | -327.404 | -321.678

Table E8: ARMA and GARCH Models for retail property return deviation
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ARMA model (Input variables with 4 lags)
AlCc N
R M
1 2 3 4 5 6 7 8
1 125,100 | 232.100 | 262.700 | 379.200 | 488.600 | 546.600 | 600.200 | 649.400
2 155,900 | 265.200 | 302.500 | 418.100 | 545.800 | 625.800 | 701.800 | 793.300
3 213.600 | 304.600 | 348.500 | 477.000 | 625.700 | 737.300 | 843.300 | 1011.400
4 302.800 | 352.900 | 409.900 | 585.000 | 726.300 | 900.700 | 1063.100 | 1435.000
5 317.100 | 413.000 | 488.300 | 687.400 | 870.200 | 1101.400] 1416.100 | 2092.000
6 397.700 | 490.900 | 590.200 | 817.000 | 1039.200 | 1428.700] 2130.400 | 4337.900
7 491.800 | 594.500 | 734.500 | 1028.300 | 1438.300 | 2124.600 | 4299.400 Inf
8 596.800 | 737.900 | 949.600 | 1382.100 | 2055.200 | 4216.700 Inf 4349.900
BIC
R M
1 2 3 4 5 6 7 8
1 11.652 94,867 96.526 | 177.507 | 242.779 | 244,522 | 224.829 | 174.892
2 18.658 99,045 | 100.905 | 172.290 | 243.729 | 250.392 | 227.259 | 178.506
3 47.373 | 102.971 | 102.625 | 174.972 | 250.278 | 262.788 | 228.519 | 184.220
4 101.171 107.057 | 107.826 | 209.550 | 251.826 | 285.938 | 235.998 | 251.395
5 71.264 110.994 | 112.875 | 212.900 | 255.404 | 274.207 | 232.424 | 191.597
6 95.613 115.494 | 115.687 | 202.229 | 212.049 | 245.085 | 229.935 | 279.336
7 116.399 | 120.029 | 119.741 | 201.169 | 254.627 | 224.184 | 240.767 | 207.332
8 122.255 | 123.108 | 122.455 | 198.519 | 154.735 | 158.145 | 168.986 | 247.211
ARMA model (Input variables with 2 lags)
AlCc
R M
1 2 3 4 5 6 7 8
1 -196.172 | 36.099 41.722 -38.496 | 152.045 | 150.508 | 186.011 | 149.381
2 -206.155 7.291 44,484 159.619 | 162.023 | 168.946 | 189.334 | 162.128
3 -87.873 46.713 54.624 253.074 | 173.902 | 179.811 183.597 | 172.179
4 -124.592 | 56.585 64.140 172.296 | 186.337 | 188.417 | 215170 | 187.991
5 -77.671 64.964 | -25.005 | 184.713 | 190.680 | 192.308 | 233.941 | 202.710
6 -52.871 74.456 84.962 | 174.533 | 186.167 | 238.153 | 242.661 | 220.867
7 48.617 83.656 96.881 181.496 | 224.298 | 219.501 | 264.200 | 242.184
8 82.002 93.846 | 113.693 | 200.374 | 163.401 | 181.718 | 200.236 | 222.678
BIC
R M
1 2 3 4 5 6 7 8
1 -191.017 | 38.944 41.765 | -41.810 | 144.748 | 138,515 | 168.510 | 125.435
2 -203.310] 7.334 41171 152.322 | 150.031 | 151.445 | 165.387 | 130.653
3 -87.830 | 43.399 47.328 | 241.082 | 156.401 | 155.864 | 152.122 | 131.911
4 -127.905 ] 49.288 52.147 | 154.795 | 162.391 | 156.942 | 174.902 | 137.442
5 -84.968 52.972 -42.506 | 160.767 | 159.205 | 152.039 | 183.392 | 140.115
6 -64.863 56.955 61.016 143.058 | 145.899 | 187.604 | 180.065 | 144.105
7 31.116 59.709 65.406 141.228 | 173.749 | 156.905 | 187.438 | 148.682
8 58.055 62.370 73.425 149.825 | 100.805 | 104.955 | 106.733 | 109.267
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ARMA model (Input variables with 1 lag)
AlCc
R M
1 2 3 4 5 6 7 8
1 -372.569 | -392.296 | -314.876 | 87.938 86.302 78.532 | 103.844 | 50.056
2 -376.121 | -181.476 | -306.437 | 96.348 90.598 71.956 | 109.379 | 81.582
3 -28.808 | -237.934 | -118.262 | 105.542 | 97.740 86.532 | 116.044 | 45.694
4 -105.835 | -45.067 | -97.249 | 78.389 | 103.738 | 108.517 | 81.607 | 108.863
5 -90.865 17.119 15.690 97.197 | 107.513 | 111.864 | 105.489 | 120.788
6 -20.890 | 22.774 15,253 | 103.598 | 110.492 | 113.174 | 102.398 | 115.089
7 -261.891 | 28.116 27.195 94.639 | 123.701 | 129.622 | 139.791 | 125.405
8 28.266 34.219 24.490 97.823 91.218 94.359 93.813 | 106.292
BIC
R M
1 2 3 4 5 6 7 8
1 -361.394 | -381.125 | -303.949 | 98.357 95,921 87.031 110.868 | 55.210
2 -364.950 | -170.549 | -296.019 | 105.967 | 99.097 78.980 114,533 | 84.427
3 -17.881 | -227.516 | -108.643 | 114.041 | 104.764 | 91.687 | 118.889 | 45.737
4 -95417 | -35.448 | -88.750 | 85.413 | 108.893 | 111.362 | 81.650 | 105.549
5 -81.246 | 25.618 22.714 | 102.352 | 110.358 | 111.907 | 102,175 | 113.491
6 -12.391 29.798 20.407 | 106.443 | 110.535 | 109.860 | 95.101 103.097
7 -254.867 | 33.270 30.040 94.682 | 120.388 | 122.325 | 127.799 | 107.903
8 33.420 37.064 24.533 94.510 83.021 82.367 76.311 82.345
GARCH model (Input variables with 4 lags)
AlCc
P Q
1 2 3 4 5 6 7 8
1 290.200 | 435.600 | 264.200 | 273.800 | 258.300 | 344.600 | 389.300 | 773.400
2 334.400 | 437.400 | 267.100 | 267.900 | 605.600 | 399.400 | 510.400 | 683.400
3 368.600 | 600.100 | 517.900 | 416.800 | 681.000 | 493.200 | 669.400 | 839.800
4 1042.500| 848.000 | 517.700 | 773.400 | 589.100 | 612.900 | 939.900 | 1271.500
5 422.200 | 568.200 | 433.900 | 1074.100| 720.900 | 924.500 | 1294.200 | 1996.600
6 999.000 | 518.300 | 696.400 | 730.700 | 945.400 | 1308.800 | 2045.500 | 4525.200
7 741100 | 1714.000] 703.000 | 1234.100 | 1287.400 | 1996.800 | 4171.800 Inf
8 1199.300| 1040.600 | 933.600 | 1283.400 | 1984.300 | 4178.200 Inf 4460.100
BIC
P Q
1 2 3 4 5 6 7 8
1 176.800 | 298.300 | 98.000 72.100 12.400 42.500 13.900 | 298.900
2 197.100 | 271.200 | 65.500 22.000 | 303.600 | 24.000 35.900 68.600
3 202.400 | 398.400 | 272.000 | 114.800 | 305.600 | 18.700 54.600 12.600
4 840.900 | 602.100 | 215.700 | 398.000 | 114.600 | -1.900 112.800 | 87.900
5 176.400 | 266.200 | 58.400 | 599.600 | 106.100 | 97.400 110.600 | 96.100
6 697.000 | 142.900 | 221.900 | 115.900 | 118.200 | 125.200 | 145.000 | 466.600
7 365.700 | 1239.500| 88.200 | 406.900 | 103.800 | 96.400 113.200 | 120.600
8 724.800 | 425.800 | 106.400 | 99.700 83.800 | 119.700 | 102.900 | 137.000
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GARCH model (Input variables with 2 lags)
AlCc
P Q
1 2 3 4 5 6 7 8
1 -116.647 | -21.896 | -78.041 | -78.029 | -34.699 | -199.602 | -166.548 | -161.444
2 27.326 4.249 172.301 | -94.382 54432 | -171.961 | 202.299 | 145.430
3 89.578 362.402 | 104.480 | -87.094 | 232.380 | -14.573 | -115.416 | -154.265
4 68.071 | 465.885 | 837.522 | 391.275 | 36.828 | 142.518 | 179.862 | -127.097
5 66.487 | 126.977 | 20.868 | -168.237 | -11.334 | -144.573 | 440.191 | 450.516
6 67.404 | -129.571 69.314 | -155.023 | 187.999 | -141.008 | -105.016 | -112.832
7 360.888 | 393.085 | 202.161 | 462.277 | 327.504 | -123.820 | 188.664 | -55.562
8 383.073 | 102.287 | -3.270 | -135.720 | 315.009 | -110.160 | 349.391 | 407.577
BIC
P Q
1 2 3 4 5 6 7 8
1 -111.493| -19.051 | -77.998 | -81.342 | -41.996 | -211.594 | -184.049 | -185.390
2 30.172 4.291 168.988 | -101.679 | 42.440 | -189.462 | 178.352 | 113.955
3 89.621 359.089 97.183 -99.086 | 214.879 | -38.519 | -146.891 | -194.533
4 64.757 | 458.588 | 825.530 | 373.774 | 12.882 | 111.043 | 139.504 | -177.646
5 59.190 | 114.985 3.367 |-192.183 | -42.809 | -184.841 | 389.642 | 387.920
6 55.412 | -147.072 | 45.368 | -186.498 | 147.731 | -191.557 | -167.612 | -189.594
7 343.387 | 369.139 | 170.686 | 422.009 | 276.956 | -186.416 ] 111.902 | -149.065
8 350126 | 70.812 | -43.538 | -186.269 | 252.414 | -186.922 | 255.888 | 294.166
GARCH model (Input variables with 1 lag)
AlCc
P Q
1 2 3 4 5 6 7 8
1 200.905 | 254.236 | 143.968 | -146.871 | 171.431 | -264.865 | -98.801 -58.782
2 -239.651 | -62.026 | -188.553 | -253.526 | -239.006 | -34.251 73.237 | -251.879
3 -174.898 | -76.622 | 203.291 | -242.673 | -253.392 | 488.717 | -127.434 | -138.935
4 -167.312 | 170.798 | 185.118 | -244.364 | 592.374 | -226.926 | -245.177 | 115.490
5 -106.607 | -199.555 | 138.989 | -210.365 | -11.771 | 134.179 | -55.624 | -225.660
6 316.034 | -102.703 | -254.071 | -241.133 | -111.682 | -238.778 | -238.921 | 170.462
7 -215.294 | -223.879 | -243.583 | 53.441 139.789 | -219.247 | -217.165 | 279.456
8 -234.799 | 26.370 | -204.040 | -221.847 | -135.674 | 284.260 | -205.534 | -196.948
BIC
P Q
1 2 3 4 5 6 7 8
1 212.080 | 265.408 | 154.894 | -136.453 | 181.050 | -256.366 | -91.777 | -53.627
2 -228.480 | -51.099 | -178.135| -243.907 | -230.507 | -27.227 | 78.392 | -249.034
3 -163.971 | -66.203 | 212.910 | -234.174 | -246.368 | 493.872 | -124.589 | -138.892
4 -156.894 | 180.417 | 193.617 | -237.340 | 597.528 | -224.081 | -245.134 | 112.176
5 -06.989 | -191.056 | 146.013 | -205.210 | -8.926 | 134.222 | -58.937 | -232.957
6 324533 | -95.680 | -248.917 | -238.288 | -111.639 | -242.092 | -246.217 | 158.470
7 -208.270 | -218.724 | -240.738 | 53.484 136.475 | -226.544 | -229.158 | 261.955
8 -229.644 | 29.216 | -203.997 | -225.161 | -142.971 | 272.268 | -223.035 | -220.894

Table E9: ABMA and GARCH Models for office property return deviation
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ARMA model (Input variables with 4 lags)
AlCc )
R M
1 2 3 4 5 6 7 8
1 -348.668 | -164.166 | -76.837 | -355.396 | -43.027 | -72.841 45157 71.021
2 -300.947 1 -185.399 | -66.908 | -91.536 26.559 -16.425 67.043 78.685
3 -23.429 | -79.207 | -53.404 | -207.344 | 29.489 35.933 74.957 82.238
4 -312.787 | -94.282 | -25.660 2.091 29.783 -73.759 85.920 92.547
5 -333.795| -83.472 | -35.658 | -46.335 | 48.397 0.205 88.835 | 100.079
6 -328.480 | -94.205 | -17.726 | -143.795 | 48.389 31.182 100.583 | 107.165
7 -221.990| -86.272 | -14.564 | 14.932 60.762 49.530 | 108.091 | 116.228
8 -18.663 | -68.283 -1.472 26.671 -58.853 | 81.080 | 116.978 | 125.991
BIC
R M
1 2 3 4 5 6 7 8
1 -335.324 | -150.719 | -63.506 | -342.419 | -30.663 | -61.375 55.413 79.725
2 -287.500 | -172.067 | -53.930 | -79.172 | 38.025 -6.168 75.747 85.459
3 -10.097 | -66.229 | -41.040 | -195.878 | 39.746 44.638 81.731 86.664
4 -299.810] -81.919 | -14.193 12.347 38.488 -66.984 90.346 94,158
5 -321.431| -72.006 | -25.401 | -37.630 | 55.172 4.631 90.446 98.357
6 -317.014 | -83.948 -9.021 -137.021 52.814 32.793 98.861 101.529
7 -211.733 | -77.567 -7.790 19.358 62.373 47.808 | 102.455 | 106.024
8 -9.959 -61.508 2.953 28.282 -60.575 75.444 106.774 | 110.479
ABRMA model (Input variables with 2 lags)
AlCc
R M
1 2 3 4 5 6 7 8
1 -366.916 | -137.868 | -59.143 | -324.342 | -28.327 | -354.828 | 48.874 50.024
2 -339.019| -57.518 | -55.334 | -69.597 | -10.264 | -357.246 | 53.246 31.938
3 -341.754 | -52.433 | -47.688 | -121.037 | 7.717 8.060 56.103 59.309
4 -112.852 | -51.603 | -36.766 | -194.783 | 17.230 | -347.087 | 63.434 67.379
5 -145.712| -42522 | -32.429 | -288.402 | 19.294 | -208.434 | 62.484 73.699
6 -34.154 | -48.658 | -43.491 | -172.186 | 23.429 | -215.447 | 74.130 80.196
7 -34519 | -34.026 | -37.182 | -27.902 | 32.111 | -316.390| 79.650 85.783
8 -61.893 | -32.344 | -24.789 | -52.868 | -242.116 | -62.282 | 86.102 92.421
BIC
R M
1 2 3 4 5 6 7 8
1 -355.851 ] -125.981 | -46.594 | -311.302 | -14.983 | -341.381 62.205 63.001
2 -327.133| -44.969 | -42.295 | -56.253 3.183 | -343.915| 66.223 44.302
3 -329.205 | -39.394 | -34.344 | -107.590 | 21.048 21.038 68.467 70.775
4 -09.813 | -38.259 | -23.319 | -181.452 | 30.207 | -334.723 | 74.900 77.635
5 -132.368 | -29.075 | -19.097 | -275.424 | 31.658 | -196.968 | 72.741 82.403
6 -20.707 | -35.327 | -30.513 | -159.822 | 34.895 | -205.191 | 82.834 86.970
7 -21.188 | -21.048 | -24.818 | -16.435 42.368 | -307.686 | 86.425 90.209
8 -48.915 | -19.980 | -13.323 | -42.612 | -233.411 | -55.508 | 90.527 94.032
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ARMA model (Input variables with 1 lag)
AlCc
R M
1 2 3 4 5 6 7 8
1 -370.364 | -57.193 | -253.141 | -191.363 | -33.845 | -379.768 | 36.977 39.531
2 -370.412 | -349.457 | -313.113 | -144.876 | -17.258 | -189.848 | 41.711 46.775
3 -371.028 | -330.605 ] -50.180 | -259.012 | -56.000 | -41.135 | 49.363 48.991
4 -346.057 | -208.391 | -46.850 | -68.750 -0.106 -40.268 50.238 54.380
5 -250.979 | -142.303 ]| -107.938 | -34.413 | -18.296 | -109.853 | 57.536 57.649
6 -34.020 | -32.242 | -70.241 | -39.328 13.736 5.751 62.386 68.585
7 -232.143 | -358.544 | -32.850 | -24.247 | -32.975 | 163.644 | 68.836 68.412
8 -250.958 | -26.271 -23.646 -22.221 28.943 | -272.052 | 72.001 77.540
BIC
R M
1 2 3 4 5 6 7 8
1 -361.378 | -47.098 | -242.077 | -179.476 | -21.296 | -366.729 | 50.321 52.978
2 -360.318 | -338.393 | -301.226 | -132.327 | -4.218 | -176.504 | 55.158 60.106
3 -350.964 | -318.719 | -37.631 | -245.973 | -42.656 | -27.688 | 62.694 61.968
4 -334.170 | -195.842 | -33.810 -55.406 13.341 -26.937 63.215 66.744
5 -247.430 | -129.264 | -94.594 | -20.966 -4.964 -06.875 | 69.900 69.115
6 -21.880 | -18.898 | -56.794 | -25.997 | 26.713 18.115 73.852 78.842
7 -218.799 | -345.097 | -19.519 | -11.270 | -20.611 | 175.110 | 79.093 77.116
8 -237.511 | -12.940 | -10.669 -9.857 40.409 | -261.795| 80.796 84.314
GARCH model (Input variables with 4 lags)
AlCc
P Q
1 2 3 4 5 6 7 8
1 -162.936 | -302.068 | -294.635 | -309.120 | 171.334 | -246.555 | 177.163 | -47.795
2 -84.895 | -302.649 | -308.839 | -288.791 | 27.752 | -51.119 | -248.479 | 214.656
3 -260.795 | -225.673 | -292.627 | 121.079 | -81.693 | -280.482 | 37.279 | 313.322
4 247.854 | 25.163 | -231.141 | -271.565 | -195.685 | 149.735 | -167.126 | 82.024
5 -280.283 | 122.138 | -267.667 | 30.629 4.926 |-125.027 | 171.952 | 195.566
6 -258.717 | -158.570 | -183.160 | 86.750 | -88.041 | -259.748 | -235.540 | -125.965
7 566.401 -51.473 | -273.936 | -238.145 | -264.399 | 241.408 | 115.545 | 207.406
8 -24.842 | -197.779 | 169.060 | -168.787 | -133.245 | 153.598 | 93.911 239.248
BIC
P Q
1 2 3 4 5 6 7 8
1 -176.281 | -288.621 | -281.303 | -296.143 | 158.970 | -258.021 | 166.906 | -39.091
2 -71.448 | -289.318 | -295.862 | -276.427 | 39.218 | -40.862 | -239.774 | 221.430
3 -247.464 | -212.696 | -280.264 | 132.545 | -71.436 | -271.777 | 44.053 | 317.748
4 260.831 | 37.526 | -219.675| -261.308 | -186.980 | 156.510 | -162.700 | 83.635
5 -267.920 | 133.604 | -257.410 | 39.333 11.701 | -120.601 | 173.563 | 193.844
6 -247.251 | -148.313 | -174.456 | 93.524 | -83.615 | -258.136 | -237.262 | -131.602
7 576.657 | -42.768 | -267.161 | -233.719 | -262.787 | 239.686 | 109.909 | 197.202
8 -16.137 | -191.004 | 173.485 | -167.176 | -134.967 | 147.962 | 83.707 | 223.737
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GARCH model (Input variables with 2 lags)
AlCc
P Q
1 2 3 4 5 6 7 8
1 -322.838 | -312.512 | -327.5613 | 102.151 | -316.878 | -286.605 | -279.639 | -304.056
2 -308.546 | -328.765] 21.315 | -306.892 | 96.082 | -303.383 ] -274.961 | -292.889
3 -314.666 | -202.967 | -324.658 | 71.526 | -288.115 | -287.029 | -304.957 | -280.350
4 -290.831 | 125.321 | -321.291 | 154.532 | -312.492 | -286.422 | 218.722 | 293.317
5 -315.648 | 19.154 | -308.325 | -307.694 8.356 -279.954 | -286.844 | -261.498
6 -310.917 | -317.149 | -302.875 | -307.389 | -302.533 | 207.419 | -233.050 | -264.069
7 763.224 | -291.739 | -280.985 | -305.569 | -300.041 | -294.960 | -249.422 | 105.793
8 -304.341 | -288.599 | -265.179 | -300.986 | -295.501 | -256.424 | -249.955 | -242.855
BIC
P Q
1 2 3 4 5 6 7 8
1 -311.774 | -300.625 | -314.964 | 115.191 | -303.534 | -273.158 | -266.307 | -291.078
2 -296.659 | -316.216 ] 34.355 | -293.548 | 109.529 | -290.052 | -261.983 | -280.525
3 -302.117 | -189.928 | -311.314 | 84.973 | -274.783 | -274.051 | -292.594 | -268.884
4 -277.791 | 138.665 | -307.844 | 167.863 | -299.514 | -274.058 | 230.188 | 303.574
5 -302.304 | 32.601 | -294.993 ] -294.717 | 20.720 | -268.488 | -276.587 | -252.793
6 -297.470 | -303.818 | -289.898 | -295.025 | -291.067 | 217.675 | -224.346 | -257.294
7 776.556 | -278.761 | -268.621 | -294.103 | -289.784 | -286.255 | -242.647 | 110.219
8 -291.364 | -276.235 | -253.713 | -290.730 | -286.796 | -249.650 | -245.530 | -241.244
GARCH model (Input variables with 1 lag)
AlCc
P Q
1 2 3 4 5 6 7 8
1 -308.238 | -200.153 | -334.246 | -331.320 | -325.415 | -321.967 | -321.928 | -305.709
2 168.057 | -322.880 | -331.134 | -327.856 | -322.229 | -319.315 | -314.509 | -315.812
3 -334.503 | -169.809 | -328.412 | -296.207 | -321.438 | -314.507 | -310.463 | -311.622
4 -331.670 | -320.721 | -324.963 | -321.329 | -317.502 | -277.827 | -309.823 | -307.079
5 -328.399 | -324.957 | -321.321 | -291.731 | -313.460 | -308.761 | -305.274 | -302.247
6 -321.751 | -305.203 | -318.134 | -276.559 | -309.805 | -305.276 | -299.677 | -297.051
7 -323.209 | -319.377 ] -315.110 | -312.294 | -306.686 | -301.915 | -287.736 | -291.598
8 -317.540 | -316.935 | -314.964 | -306.450 | -303.609 | -298.468 | -294.815 | -289.278
BIC
P Q
1 2 3 4 5 6 7 8
1 -299.252 | -190.059 | -323.182 | -319.434 | -312.866 | -308.927 | -308.583 | -292.262
2 178.151 | -311.815| -319.247 | -315.307 | -309.189 ] -305.971 | -301.062 | -302.481
3 -323.438 | -157.923 | -315.863 | -283.168 | -308.094 | -301.060 | -297.132 | -298.645
4 -319.783 | -308.172 | -311.924 | -307.985 | -304.055 | -264.496 | -296.846 | -294.715
5 -315.850 | -311.918 ] -307.977 | -278.284 | -300.129 | -295.783 | -292.910 ] -290.781
6 -308.712 | -291.859 | -304.687 | -263.228 | -296.827 | -292.912 | -288.211 | -286.795
7 -309.865 | -305.930 | -301.779 | -299.317 | -294.322 | -290.449 | -277.480 | -282.893
8 -304.093 | -303.604 | -301.986 | -294.087 | -292.143 | -288.211 | -286.111 | -282.504
Table E10: ARMA and GARCH Models for industrial property return deviation
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Four (4) Input Variables

Number oflags | _ Return Deviation | Covariance
AlCc
1 352.203 183.138 -119.845
2 -520.156 -676.873 -985.523
3 -207.296 -373.249 -684.757
4 -153.238 -331.902 -644.715
5 -145.856 -320.201 -647.033
6 -140.241 -366.913 -697.704
BIC
1 -130.324 -299.389 -602.372
2 12.538 -144179 -452.829
3 157.271 -8.681 -320.190
4 301.833 123.169 -189.645
5 433.005 258.659 -68.172
6 572.451 345.779 14.988
Two (2) Input Variables
AlCc
1 18.100 -154.400 -452.400
2 133.500 -27.800 -328.900
3 764.800 600.500 299.200
4 -996.000 -1160.400 -1461.200
5 -469.100 -623.000 -936.100
6 -353.800 -551.400 -860.800
BIC
1 -216.770 -389.179 -687.209
2 -153.840 -315.166 -616.257
3 -88.115 -252.376 -553.652
4 -23.100 -187.504 -488.303
5 29.094 -124.779 -437.866
6 g97.112 -100.453 -409.884

Table E11: VAR Model tor J255 Return and J255 Return Deviation



J256 Index
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Four (4) Input Variables

Return !’ Deviation | Covariance
Al

18.900

1 355.566 178.797 -121.304
2 -527.005 -683.720 -999.273
3 -217.503 -369.767 -694.071
4 -169.023 -315.879 -649.238
5 -186.279 -294.983 -670.748
6 -186.579 -296.156 -680.025
BIC

1 -126.961 -303.730 -603.831
2 5.689 -151.026 -466.579
3 147.065 -5.199 -329.504
4 286.048 139.192 -194.168
5 392.581 283.878 -91.887
6 526.113 416.536 32.667

-158.400

-456.400

127.800

-35.700

-342.300

/62.000

599.500

296.000

-997.800

-1155.000

-1457.800

-479.600

-612.900

-936.400

-370.400

-505.800

-831.400

BIC

-215.930

-393.184

-691.173

-159.516

-322.985

-629.671

-90.875

-253.375

-556.861

-24.965

-182.117

-484.878

18.612

-114.640

-438.217

80.497

-54.932

-380.461

Table E12: VAR Model for 4256 Return and J256 Return Deviation



IPD Retail

Four (4) Input Variables

"Number of lags | Return Deviation | Covariance
Al
1 595.800 384.100 -54.400
2 -411.400 -624.200 -1091.300
3 -327.600 -547.000 -1012.300
4 -310.600 -523.900 -986.000
5 -335.500 -515.900 -1011.200
6 -341.600 -521.600 -1022.500
BIC
1 -254.544 -466.262 -904.723
2 -150.062 -362.889 -830.003
3 -9.896 -229.323 -694.623
4 122.064 -91.204 -553.293
5 223.777 43.354 -451.869
6 347.645 167.629 -333.343
Two (2) Input Variables
AlC
1 -145.700 -342.200 -774.400
2 74.900 -120.300 -586.200
3 -1104.600 -1295.100 -1756.000
4 -535.800 -721.300 -1174.300
5 -465.400 -652.700 -1105.700
6 -437.400 -616.500 -1070.400
BIC
1 -340.503 -536.928 -969.126
2 -308.587 -503.880 -969.725
3 -245.308 -435.788 -896.747
4 -178.023 -363.440 -816.533
5 -130.337 -317.559 -770.563
6 -75.297 -254.341 -708.300
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Table E13: VAR Model for Retail Return and Retail Return Deviation



IPD Office

Four (4) Input Variables

Number of lags | _ Return Deviation | Covariance
Al
1 571.100 -439.100 -4.400
2 -437.700 -572.700 -1052.000
3 -356.700 -506.100 -986.200
4 -329.300 -478.200 -951.900
5 -323.500 -470.700 -949.300
6 -350.100 -526.900 -1032.500
BIC
1 -279.277 -411.301 -854.811
2 -176.426 -311.390 -790.685
3 -38.997 -188.418 -668.483
4 103.445 -45.520 -519.225
5 235.751 88.618 -390.024
6 339.124 162.284 -343.272
Two (2) Input Variables
AlC
1 -169.200 -286.400 -727.300
2 54.500 -72.000 -539.300
3 -1122.000 -1246.100 -1708.100
4 -552.100 -682.100 -1136.200
5 -471.000 -600.600 -1057.300
6 -434.400 -569.200 -1020.900
BIC
1 -363.921 -481.160 -922.070
2 -328.988 -455.520 -922.851
3 -262.675 -386.845 -848.835
4 -194.319 -324.272 -778.391
5 -135.881 -265.450 -722.230
6 -72.290 -207.060 -658.743
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Table E14: VAR Model for Office Return and Office Return Deviation



IPD Industrial

Four (3) Input Variables

Number of 1ags Return Deviation | Covariance
Al
1 577.000 477.300 27.200
2 -438.200 -533.500 -1018.500
3 -354.600 -449.200 -931.300
4 -332.000 -423.900 -903.800
5 -345.800 -430.300 -929.500
6 -393.600 -443.400 -991.800
BIC
1 -273.365 -373.023 -823.157
2 -176.935 -272.183 -757.231
3 -36.941 -131.490 -613.616
4 100.712 8.788 -471.125
5 213.475 129.005 -370.261
6 295.553 245.851 -302.586
Two (2) Input Variables
AIC
1 -161.000 -258.400 -705.800
2 55.800 -43.100 -518.100
3 -1117.200 -1217.000 -1682.300
4 -549.300 -645.600 -1107.000
5 -465.500 -555.500 -1017.700
6 -471.200 -544.600 -1032.500
BIC
1 -355.724 -453.208 -900.596
2 -327.731 -426.594 -901.664
3 -257.890 -357.706 -822.962
4 -191.473 -287.741 -749.202
5 -130.423 -220.419 -682.574
6 -109.095 -182.500 -670.314
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Table E15: NN Model for Industrial Return and Industrial Return Deviation



4255 Index
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Four (4) Input Variables and Four (4) Lags

Linear Function 1 Logistic Function Softmax Function
No. of Neurons | ~ Return | Deviation | Covariance |  Return | Deviation | Covariance |  Return | Deviation | Covariance
AlCc
2 2115.200 1985.300 1664.200 2189.300 2004.900 1747.400 2381.500 2216.700 1805.300
4 -929.200 -469.000 -586.500 -908.500 -201.400 -369.2800 -201.900
[] -912.500 -333.900 -508.000 -768.800 -178.700 -188.500
8 -949.100 -380.300 -482.400 -821.900 -113.600 -238.600
10 -935.700 -384.800 -480.200 -826.900 -119.600 -187.000
12 -913.400 4 -820.800 -88.100 -242.100
14 -826.600 -208.100 -92.800 -207.700
16 -858.900 0 -129.400 -620.900
18 -913.700 -259.600 -647.900
20 -922.200 -207.200 -610.800
22 -219.000 -636.6
24 -499.200 - -127.800 -125.300 -639.000
26 -513.900 98" 200 -68.100 -623.200
28 -968.700 -69.900 -652.100
30 -923.200 -66.800 -642.800
32 -923.600 -639.900
34 -866.900 -647.100
36 -926.700 -598.400
38 0 -938.500 -641.900
40 -410.500 l:':\I '?0“ -931.000 -590.400
42 -419.000 -520.400 -939.500 -266.300 -622.500
44 -393.800 -506.100 -829.700 -355 -10“ -598.000
46 -388.200 -513. ‘:OII -892.900 - -630.500
48 -409.000 -922.200 -269 -10“ -634.200
50 412100 -911.500 -327.900 -646.600
BIC
2 -222.500 -543.500 -18.400 -202.900 -402.500
4 10100 -341.500 128.700 11.200 396.300 -204.100
G 211.400 -166.600 412.000 237.900 567.200 85700
8 442.900 -4.900 563.900 830.600 293.900
10 632.600 218.800 1035.000 491.000
12 866.300 456.200 8 )‘| 600 1281.500 732.300
14 1020.300 700.400 1224100 1124, ‘0“ 1494 100
16 1314.600 946700 1-1(-4 00II IL’JOEI 300 1670100
18 1515.300 1111.500 1252.500 1954600
20 0 1721.600 1323.000 1873.200 7 1418.900 2164.300 20':\8 000
22 2066.200 1871.000 1588.600 2191.400 2024, 00“ 1724.000 2388.500 2246.800
24 2204400 2187.200 1811.200 2354.800 2214, 20“ 1824.200 2558.700 2561.100
26 2093.500 2019.600 2583.900 2119.500 2830300 2667800
28 2596.900 2159, BOH 2801.200 2341.800 3058.600 2897.900
30 2832.500 2426.500 3011.700 3283.000 3112.100 7 0
32 3038.400 2647, 3233.600 3513.800 3290.900 23"\I 20“
34 3298.000 2925, 3512.000 3745.300 3432.600 3145.400
36 '4(04 200 2426.100 3087 2623.400 2023.200 3850.000 32415600
38 QBW 200 3708.200 3297.000 3896.800 4175.200 3981.500 3593.600
40 3825.800 3526.200 4137.200 3669.300 4384400 4254200 3866.800
42 41409.400 4412.400 7.200 4023.800 4626.200 4386.900 4056.300
44 4394 400 700 4545.000 4403 ‘0“ 4057.200 4215.000 4734.200 4302.400
46 4608.600 -1220 200 4 200 4543.300 4300.500 5053.600 4907600 4491600
48 4821100 4421.000 5074.400 4254 400 0 5264.200 5161.600 4709.500
50 5058.900 4554.100 5237.600 5086.900 5477.400 5402.100 4518.900
Four (4) Input Variables and Two (2)
AlCc
2 -45.500 -170.400 -483.200 40.300 -161.600 -391.500 95,100 -215.100
4 -2768.700 -2891.900 -3216.700 -2748.600 -2854.500 -3190.800 E -2671.100 -3051.100
6 -548.900 -673.000 -996.600 -537.900 -660 20” -982.000 -282.900 -430.000 -826.700
8 -445.100 -568.900 -895.600 -421.200 -862.600 -180.300 -316.400 -713.400
10 -396.000 -534.300 -849.300 -392.300 -841.500 -138.100 -299.000 713 IOH
12 -2329.000 -492.400 -818.000 -824.800 -121.200
14 -381.200 -510.800 -841.800 -1236.200
16 0 -492.900 -826.600 -28I -10“ -141.900
18 -490.000 -818.300 -339.900 -96.400
20 -489.100 -820.900 -341.100 -88.900
22 -496.300 -823.100 -352.800 -107.000 ‘-49 800
24 -487.200 -825.100 -333.900 -80.500 -582.200
26 -483.700 -836.900 -346.600 -96.400 -641.800
28 -484.900 -828.400 -343.800 -958.000
30 -510.000 -849.300 -340.400 -123.300
32 -486.300 -808.400 -328.500 -1028.100
34 -420.200 -827.200 -324.100
36 -427.600 -826.900 -331.200
38 -480.500 -811.400 -303.100
40 -482.800 -841.600 -284.100
42 -490.600 -839.000 -334.600
44 -483.600 -826.700 -285.400
46 -363.200 -826.900 -445.200
48 -335.400 -791.800 -468.300 - 5
50 -361.500 -827.200 -464.700 242 2800 -643.800
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BIC
2 -183.100 -308.000 -620.800 -97.300 -290.200 -529.100 50.300 -42.400 -452.700
4 -71.800 -1586.000 -519 E\OII -51.700 -187.600 -494 100 201.500 25.800 -354.200
G 52.100 -71.000 64,200 -379.900 319100 |72.000 -224.700
8 174.600 50.800 - 198,600 -242.900 439.400 303.300 -93.600
10 309.600 171.300 143 700 313.300 7 -126.000 567.500 406,600 -7.600
12 420.700 317.300 -8.300 430.100 302.400 -15.100 655,400 539.300 142.700
14 540.000 410.500 79.600 544 700 423.300 98.400 785.000 0o 271.600
16 659,600 94'? Q00 210.200 755.500 'JSE‘ 100 894,900 71.700 387.100
18 788500 500 336.300 814,700 800 1058.200 411.200 4 00
20 902,300 452.800 932500 485.900 1184.700 1020.800 G03.700
22 1026.200 570.500 1040.200 ] I4 600 1286.6800 1215.000 843.800
24 1148.500 1027.100 659.100 1120.400 1040.500 1433.200 1266.900 932.100
26 1259.000 1151.800 7958.600 1288.200 1158.600 1539.100 1439.400 993.700
28 12391.400 1272.100 9258.600 1413.100 1282.900 961.700 1137.400
30 12368.700 1029.500 1528.400 1407.200 1089.100 1301.400
32 1514.400 1162200 1672.200 1221.000 1366.100
34 1642, 80“ 1285.700 1798.800 1361.900 1512.800
36 1888 20“ 1418.200 1914.000 1466.900 0 1628.700
38 2019.300 1887.200 1556.200 1616.400 2123 90“ 1723.200
40 2115.100 2007 400 1648.600 1789.600 2350 1918.000
42 2122.200 1773.800 2149, 90“ 1831.200 2385, EOH 1981.200
44 2252.000 1908.900 2301.400 2019.800 2064.000
46 2494, 40“ 0 2021.400 2413.100 2122.500 2788.600 2234.500
48 2645.700 2510.600 2189.300 1] 2512.700 2209.900 2910.300 2384.300
50 2742.400 2625.800 2276.700 2761.600 2639.200 2309.100 3026.800 2861, IOH 2460.100

Four (4) Input Variables and One (1) Lags

AlCc
2 -112.500 -250.600 -556.000 -60.800 90.400 53.800 -419.800
4 42.000 -101.200 -404.000 285.100 143.200 -309.900
1] 2131.100 1620.700 2382.400 2214.400 1798.8900
8 -795.200 -1241.200 -1218.900 -543.800 -7 20.000 -1115. 500
10 -533.200 - 0 -985.200 -957.800 -294.400 -400.800
12 -444.200 -501.300 -898.200 -215.100 -230.800 -2709.000
14 -419.100 -556.000 -865.200 -313.300 -178.200 -286.800
16 -388.700 -542.900 -253.600 7 -140.400 -310.700
18 -387.100 -5268.800 -242.900 -518. IOI_I -121.800
20 -380.000 -514.400 -231.000 0 -487.000 -117.400
22 -500.400 -215.600 -326.200 -122.500
24 -502.400 -203.300 -330.400 -146.700
26 -500.500 -805.500 -318.900 -94.900 7
28 -495.500 -801.300 -330.100 -120.000 -691.000
30 -480.200 -791.000 -478.800 -686.200
32 -452.600 -798.900 -460.400 -552.600
34 7.700 -320.900 -451.2300 -553.200
36 -4208.100 -281.000 -441.400 -143.000 -528.200
38 -461.600 -297.600 -4208.600 -122.100 -540.600
40 -466.100 -285.800 -453.300 -78.600
42 -483.400 -325.300 -482.200 -107.000
44 200 -316.800 -481.400 -79.400 ]
46 200 -304.800 -120.300 -143.900
48 200 -304.900 -55.900 -215.800
50 0.000 -305.400 -87.600 -206.200

BIC
2 -216.000 -363.100 -164.300 -49.700 -523.300
4 -148.400 -291.500 -123.600 - 0 -47.100 -500.300
B -76.700 -221.700 -51.100 -205 000 5.600 -408.900
8 -1.000 -143.200 18.700 -138.400 74.200 -321.300
10 52.800 -75.800 79.000 -58.400 201.300 -238.500
12 153.500 -2.600 212.000 22.500 318.700 -120.100
14 215100 78.300 244500 106.700 347.500 -82.900
16 287.600 143.400 369.200 375.600
18 358.800 0 430.300 465 900 L300
20 429.700 2 -21.300 480.000 164.200
22 514100 366.700 50.400 539.900 359.000 215.400
24 533,900 441.800 140.900 513,800 456.900 331.800
26 653,300 513.000 208.000 634,600 535.500 018600 338.800
28 736.500 528.200 282.400 753.600 £15.800 326.500 392.700
30 814600 655.300 363.500 813.000 6 00 1067.100 468.300
32 884.200 733.200 427.000 899.900 755.400 1124.900 573.300
34 £09.800 511.000 700 £46.300 1165.400 G44.300
36 £50.500 569.300 1028.500 925.200 1226, EOH 731.300
38 950,300 576.100 1144.200 1002.200 1265, IOH 801.200
40 1048.200 739.100 1061.000 12 (1[1] 885.900
42 1103.500 804.800 1104.700 1410.200 037.300
44 1329.8900 1182.000 857.400 1178.300 1580.300 1421.100 1082.400
46 1384.400 1264.800 950.900 1270.500 1612.300 1588.700 1214.800
48 1421.900 12323.400 1033.200 1335.400 1719.800 1529.800 1136.500
50 1546.200 1399.700 1090.000 1 ‘"3 40“ 1422.200 1137.400 1791.100 1673.500 1270.600
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Two (2) Input Variables and Four (4) Lags

AlCc
2 52100 7.300 110.700 -276.800
4 -721.700 -1172.200 -G85.700 -1040.800
[ -484.200 -038.200 -413.200 -856.400 21 1.700 -752.000
8 -437.400 -890.500 -388.400 -833.500 -138.800 -717.900
10 -3809.800 -249.200 -380.700 -821.400 -163.800 -691.300
12 -283.700 -852.800 -384.100 -830.000 -135.200 -654.200
14 -880.100 -350.000 -93.200 -669.100
16 -848.100 -325.300 -92.400
18 498 200 -836.500 -304.100 -54.600 -660.900
20 -495.600 -832.200 -350.000 -800.300 -85.400 -230. 80" -661.200
22 -500.900 -238.500 -344.300 -794.700 -86.500 -218.000 -637.500
24 - -491.200 -218.400 -321.300 -733.700 -122.700 -141.900 -641.400
26 -26! 8 COH -480.500 -238.200 -345.800 -206. 00“ -111.000 -152.600 -561.200
28 351.200 -502.400 -836.100 -335.000 -59.800 -191.100 -666.400
30 359.600 -480.900 -834.900 -344.300 -85.800 -194.900 -510.300
32 -496.700 -856.200 -72.900 -233.500 -669.500
34 -498.000 -839.700 -81.800 -201.100 -669.400
36 -491.000 -825.000 -323. 'QOH -136.200 -641.200
38 50 -483.200 -830.600 -338.200 -213.600 -607.100
40 52 90“ -493.800 -837.500 -286.700 -158.200 -535.800
42 -342.800 -813.400 -341.900 -134. 'QOH -592.600
44 -354.000 -831.700 -289.400 -515.700
46 -851.900 -334.300 -589.100
48 -829.500 -340.800 -4 -116.200 -635.800
50 -826.800 -320.600 -462.500 -53.900 -298. 700 -655.800

BIC
2 -166.700 -606.200 -108.100 -274.200 -549.500 98,400 -495.600
4 -13.700 -464.300 22,200 -108.000 -409.900 234,600 -332.900
] 123.100 7 -330.900 194100 33.500 -249.100 395.600 399 500 -184.700
8 274.800 175.100 -178.400 323.800 1586.300 -121.400 573.300 425.600 -5.800
10 456.500 329.800 455.700 347700 24.900 G22.600 57 2.7 155.000
12 606.600 478100 501.900 160.300 855.200 807.300 336.100
14 726.200 G33.100 7! G60.900 342.200 1045.500 £20.200 459.600
16 017.500 782.500 cIE\-l 900 815.900 513.800 1197100 1052.900 640.800
18 1076.200 943.600 1137.800 968.600 6 1357.200 1197.200 781.000
20 1232.100 1099.400 1245.100 11 18 400 1509.700 1364.200 933.800
22 1388.200 1247.900 1662.300 1520.800 1111.400
24 1555.900 1411.900 1780.400 1761.200 1261.800
26 1689.200 1946.800 1905.200 1455.900
28 1861.400 2122.800 2021.500 1546.200
30 2008.000 7 2023.400 189" 200 2281.900
32 2148.100 2026.200 2189.400 2075.200 0 2450.100
34 2322.000 2180.300 2350.400 2211.900 1898.600 2596.400 2008.900
36 2486.200 2342.800 2510.400 2358.500 2048.000 2718.800 2192.600
38 2629.100 2506.100 2651.100 2542.900 2216.800 2915.100 2382.200
40 2792.000 2651100 2691.600 2419.200 3046.400 7 2509.100
42 2957.800 2816.600 2823.900 2495.400 31592.900 3161 ’40“ 2707.000
44 3102.300 2969.200 3025.900 2741.900 3390.300 3218.700 2840.600
46 3249.800 3111.200 7 5141.300 2819.200 3517 3453.400 3023.000
48 3416.400 5280.600 2828.400 3298.900 26 300 2551.700 5629.600 3122.100
50 3574.200 5426.400 3096.900 36 03 100 3461.200 3144.300 5869.800 5625.100 3268.000

Two (2) Input Variables and Two (2) Lags

AlCe
2 -93.800 -534.200 -28.400 -469.700 147.900
4 255.200 -191.600 321.400 -120.000 492,800
& -1116.200 -1562.400 -1112.500 -1554.500 -272.000
8 -548.100 -994.500 -527.400 -S73.600 -326.900 0
10 -452.200 -901.000 -421.200 -277.200 -195.600 -365.100
12 -409.800 -856.000 -378.400 -210 BOI'I -188.100 -241.100
14 -384.500 -833.800 -382.400 -165.100 -219.500
16 -518.900 -824.300 -346.700 -488.200 -126.300 -262.000 -705.800
18 -507.600 -816.200 -341.100 -470.100 -109.200 -280.600 -528.200
20 -498. '40“ -345.700 -423.200 -103.400 -267.600 -620.600
22 457 -323.000 -463.600 -102.500 -248.000 -592.300
24 -313.000 -129.000 -174.800 -669.300
26 -320.700 -102.900 -213.200 -652.200
28 -330.300 -127.500 -160.800 -549.600
30 -322.900 -102.400 -194.700 -518.000
32 -326.300 -208.500 -115.900 -168.100 -666.700
34 -331.600 -336.700 -82.700 -242.300 -660.200
36 -339.300 -321.900 -81.800 -239.400 -675.800
38 -326.100 -313.300 -211.400 -674.000
40 -328.100 -308.900 -254.100 -652.200
42 -327 -182.200 -670.200
44 -329.400 -223.100 -540.000
46 -329.600 . -152.300 -615.000
48 -331.400 -315.400 -444.30'.' 7. -264.600 -549.000
50 -319.000 -327.100 -470.100 -63.600 -286.200 -658.700
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BIC
2 -202.200 -343.800 642.700 -136.900 -342.500 -578.200 29.400 -112.200 -555.800
4 -116.800 -259.400 563.600 -241.400 -462.000 120.800 6.400 -462.300
[ -21.400 -1 00 57.500 00 4 0 222.900 52.900 -342.600
g G0.100 -78.400 281.200 233.000 -24
10 148.300 9.900 -300.500 404.900 235.400 -1 0
12 240.700 102,800 -205.500 119.700 462.400 409.300 -110.100
14 334.200 190.200 -115.000 210.200 553.600 499.200 £8.900
16 424.800 276.400 -29.100 448.500 307.000 669.000 533.300
18 512.100 368.500 59.900 535.000 406.000 766,800 585.500
20 604.200 451.200 154.600 613.800 476.300 856.200 691.900
22 689100 547.000 234.800 721.600 581.100 942.100 796.600 352.300
24 i 638.800 333.600 817.800 656.900 1001.800 956.100 461.600
26 729.900 423.300 8558.200 754.600 460.000 1115.000 1004700 565.700
28 g 813.600 4858.900 834.600 528,100 1178.000 1144 800 655.900
30 1059.200 904.700 601.200 929.000 1291.200 1198.900 775.600
32 1155.800 1001.500 703.900 1042.000 770.900 12366100 1313.900 B15.400
34 1238.200 1127.000 £14.900 1488100 910.600
1220.400 1152.200 1578.000 053,900
38 1422.800 1425.600 1284400 1 1527.400 1074.800
40 1510.000 . 1520.200 1373.200 1026.600 17 1524000 1185.900
42 1599.600 1460.900 1155.000 1608.200 1475.100 1176.400 1829.200 1745400
44 1 00 1542.500 1234100 1708.900 5 1261.700 1936.500 1793.900 1377.000
46 1 100 1631.900 1322.200 1783.700 16 00 1333.800 1996.000 1954 400 1491.600
48 1264.900 1718.600 1406.700 1220.900 1751.400 1452.000 2128.500 1931.700 1547.200
50 1967.000 1815.200 1515.600 1958.900 1815.900 1507.200 2222500 1999.200 1627.400
Two (2) Input Variables and One (1) Lags
AlCe
2 -120.200 . -560.100 -108.700 -262.900 -540.200 104.500 -29.200 -4282.700
4 -38.300 -203.500 -490.200 13,700 -106.100 -428.100 188.400 49.900 -232.100
[ 193.500 36700 -253.800 210.800 52.600 -220.700 400.300 338.100 -166.200
8 7021.200 B268.200 B573.200 70B83.200 5281600 B5623.000 7251.000 7131400 5628200
10 -859.900 -1013.900 -1306.700 -845.600 -630.500 -757.800 -1180.700
12 200 727 -1021.200 -328.400 -498.400
14 -477.800 -929.500 -260.500 -338.100
16 -428.500 -878.600 -182.400
18 -406.200 -858.300 -225.600 -203.400
20 -387.100 -838.400 -352.200 -165.400
22 -370.800 -821.200 -347.000 -140.200
24 -264.300 -816.100 -319.100 -130.500
26 -353.300 -302.500 -138.300 -695.000
28 -354.300 -277.200 -135.800 -636.000
30 -246.900 -324.200 -690.400
32 -240.200 -289.400 -622.900
34 -239.600 -320.300 -679.100
36 -295.600 -546.100
38 -309.000 -673.200
40 -292.400 - -601.300
42 -261.400 -124.800 -651.800
44 -215.200 -127.100 -664.600
46 -479.000 -302.600 -101.700 -637.400
48 -482.200 -215.200 -88.900 -646.100
50 -323.600 -479.400 -281.800 -714.200 -51.800 -583.400
BIC
2 -222.700 -376.100 -211.100 -365.300 -642.700 2.100 -585.200
4 -165.400 -330.600 -113.400 -233.200 -555.200 £61.300 -459.200
[ -111.600 -268.400 -94.300 -2 0 -525.800 95.100 . -471.300
8 -58.400 -211.400 -16.300 -197.900 -456.500 171.500 51.900 -390.700
10 1.200 -152.800 15.500 -143.200 -422.100 230.500 103.200 -319.600
12 57.400 -100.400 98.900 -80.400 -335.400 298.300 128.300 -269.200
14 113.800 -42.500 177.900 105.100 -139.100 331.200 253.500 -232.100
16 175.300 16.500 209.600 169.400 -155 421.300 206.200 -174.700
18 228,100 72.200 308.600 149.100 -120.300 430.900 395.500 -97.400
20 286.900 130.400 321.800 141.400 -120.000 508.500 416.200 -40.400
22 347.900 159.300 37 1.800 211.400 -7 1.500 578.500 441.600 -2.800
24 402.500 245.300 447700 264,100 12.600 536.300 504.300 154.000
26 463.700 306.700 514.500 113.100 57 8.600 595.300 122.000
28 204,600 666.600 232.600
30 168.800 G47.700 231.000
32 244600 869.100 7 352.000
34 263.400 930.000 349.900
36 725. 427.800 954,100 437.600
38 647 .800 690. 412.900 1039.000 900.900 465.600
40 703.000 901.700 751.300 487.900 1094.500 974.200 5¢
42 753,800 958,300 785.300 534.800 1114.900 1093.900
44 821.100 5258.100 990.200 834.300 549.000 1168.400 1154.900
46 882.500 590.900 1058.900 925.500 634.300 1259.800 1161.900
48 935.500 1102.500 939.800 653.900 1328.900 1182.000
50 1150.400 994,600 699.900 1192.200 1014.000 759.800 1422.200 1060.100

Table E16: NN Model for J255 Return and J255 Return Deviation
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J256 Index
Four (4) Input Variables and Four (4) Lags
Linear Function 1 Logistic Function 1 Softmax Function
No.of Neurons | Return | Deviation | Covariance |  Return | Deviation | Covariance |  Return ]| Deviation | Covariance

AlIC
2 2086.100 19286.000 1635.600 1990.300 1727.000 2378.600 2220.200 1806.400
4 -496.400 -945.600 -204. ‘0"I -364.200
[ -465.400 -922.600 -202.700
8 -458.500 -956.600 -244.000
10 -947.100 -184.200
12 -937.000 -246.200
14 -935.500 -205.800
16 -422.100 -912.700 -268.000
18 -449.200 -957.200 -264.200
20 -418.400 -931.700 -229.400
22 -428.000 -933.100 -206.000
24 -428.100 -926.100 -473.100 f -256.700
26 -420.400 -927.100 -466.400 -812.400 -240.300
28 -445.000 -422.300 EB4 OO“ -226.200
30 -438.300 - 4 0 -7 -236.400
32 -384.200 El“! 700 -265.500
34 -409.2300 -922.200 -817.500 -343.300
36 -428.200 -976.100 -805.500 -155.000
38 -413.300 -927.200 -805.100 -252.600 -6
40 -410.200 -917.100 -310 EEOH -745.300 -181.800 -606. 20H
42 -433.800 -966.500 -314.200 -781.500 -2 o] -528.900
44 -939.700 -339.400 -816.000 -166.200 -580.800
46 - -932.100 -284.200 0 -230.500 -644.700
48 -109 500 -905.900 -320.200 -193.300 -646.400
50 -420.100 -929.100 -282.900 -159.300 -627.300

BIC
2 -121.700 - 200 -34.100 [ -480.800 12.400 -401.400
4 101.300 -347.900 143.200 11, QOO -301.200 233.500 -184.500
5 280.500 -176.700 420.900 226.600 -26.900 543.200 21.000
8 445.700 -12.300 74.400 4-1-1 300 120.600 830 l=|CICI 700.200 301.200
10 690,300 207.400 352.800 970.300 452.000
12 921.700 432.500 601.800 1123.300 739.100
14 1146.900 651.400 803.000 1321.100 056.700
16 1383.600 1287.800 892.900 I-l‘B‘=| 200 1348.20'.' 1049.200 15 00 11233.000
18 1576.000 1500.000 1067.900 1709.400 1554.400 1258.900 1760.900 1379.800
20 1826.900 1718.800 1313.600 1926.800 1774.500 1473.900 7 2005.900 1593.400
22 2036.700 1947.100 2104.000 1979.800 1635.400 2382.300 2250.700 1827.500
24 2258.400 2174.2300 2348.800 2213.400 1888.700 2518.400 2429.800 2028.900
26 2487.000 2329.100 1980, ':\OH 2441.000 2095.000 2667.100
28 2B623.500 2593.700 2158.200 2706.200 2444.500 2802.300
30 2811.200 2382700 3029 40“ 2888.000 300 ] 3113.300
32 3126.900 i 2715.400 3210.200 2100.800 400 100 3305.600
34 3383.200 2860.2300 3319.600 .000 3449.200
36 3575.800 3037.900 3208.500 3859.000 q-l"‘\fl 200
38 3822.200 3308.400 3430.400 3882.900 3584100
40 4046.900 3541, COH 3540.000 0 4275.300 3850.900
42 4245.000 4138.100 3712.2300 4364.500 4202, OOII QBQ" 200 4519.800 4412.200 4049.800
44 4470.700 4281.600 3960.700 4561 00“ 44 16.200 4084.400 4812, 90“ 4734.200 4309.600
46 4711.900 4593.500 4190.000 4570.2300 4389.200 4891.600 44 00
48 4941.400 4831.200 4437.900 4868100 4 000 5150.500 4597400
50 5136.500 5049.600 4626.500 5 5105.200 431 0 5406.300 4938.300

Four (4) Input Varlables and Two (2) Lags
C

2 -39.300 -179.800 -486.200 l 75.200 -389.700 196.200 95.300 -301.800
L) -2774.000 -2898.700 -3228.800 -27 -3191.600 -2495.800 -2680.400 -3058.600
[ -546.900 -579.500 -1000.700 :-4|J Q00 -990.700 -284.200 -431.700
8 -461.700 -925.300 -401.500 -248.500 -184.700 -308.300
10 -412.000 -882.400 -362.200 -808.100 -143.000 -288.200
12 -408.100 -888.500 -369.400 -218.000 -122.100 -274.800
14 -392.800 -857.500 -334.800 -781.300 -116.500 -243.500
16 7.900 -871.500 -281.7 -715.000 -101.600 -258.800
18 370.100 -243.800 -317. -763.300 -97.600 -246.600
20 -413.700 -890.100 -360. 80“ -483.300 -810.200 -93.500 -242.800
22 -401.200 -863.300 -373.100 0 -230.800 -101.000 -201.500
24 -375.900 -854.800 -3 (01} -217.200 -91.600 -215.300
26 -415.900 -899.800 -356.500 -807.100 -05.900 -201.700
28 -397. 00II -879.500 -348.500 80'3 400 -08.600 -190.000
30 -865.400 -329.000 -113.600
32 -225.000 -299.800 -104.900
34 -864.300 -4 ] 700
36 0 -468.600 -803.900
38 -456.600 -7324.300
40 -867.600 -204.500
42 -869.400 -332.200 -784.100
44 -840.200 -353 -812.000
46 -879.400 -328.100 -784.500 -221.600 -627.300
48 -861.800 -368.800 -235.500 -218.000 -601.200
50 -381.900 -874.900 -339.800 -48"\ 400 -810.400 -222.900 -625.000
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BIC
2 -317.400 -623.800 -80.800 -312.800 -527.200 58.600 -42.300 -439.300
4 -201.800 -44.800 -194.200 201.000 16.500 -361.700
[ -77.500 55.100 -71.400 317.800 170.300 -219.200
8 158.000 38900 218.200 54.500 435,100 311.500 -86.900
10 293.500 152.500 343.300 211.200 -102.500 562.600 417.400 -6.100
12 400.600 267.500 440.300 297 800 -8.300 G57.600 144.300
14 528.500 405.700 586.600 424,800 140.000 236.700
16 649.000 510.400 755.100 558.900 321.900
18 7584.400 643.500 836.700 671.900 391.300
20 850.900 767 700 912.900 790.300 453,400
22 992.300 902.300 530.300 1020.500 906.900 552.800 1192.100
24 1128.400 1008.400 659.500 1153.600 10325.300 G37.100 1299.000
26 1219.600 1121.100 735.700 1278.900 1159400 8258.300 1539.500 1423.200 1002.200
28 1360.000 1250.900 77.400 1408.500 1279.900 950.600 1658.400 1566.900 1148.600
30 1512.100 1358.200 1013.300 1402.300 1092.700 1765.100 1722.200 1283.000
32 1648.000 0 1165.800 1520.700 1246.600 1295.900 1828.900 1357.800
34 1745.900 1615.600 1644.400 1308.800 1883.400 1529.200
36 1865.600 1735.800 . 1776.700 1441.200 2010.900 1621.600
38 2005.100 1882.300 1537.000 1911.100 1623.200 ] 1729.000
40 2099.300 1999.300 1622.600 0 2011.300 1685.700 2197.300 1843.500
42 2235.500 2105.100 1743.400 0.700 2147.500 1828.700 2390.900 1920.000
44 23772300 2228.000 1295.400 2381.800 2261.700 1923.600 2086.500
46 2 0 1978.800 2530.100 2381.500 2073.800 2231.000
48 2612.900 7 2119.300 2501.800 2145.600 7 2379.900
50 2722.000 2599.500 2229.100 7 2620.600 2293.500 3022.400 2871.000 2468.900

Four (4) Input Variables and One (1) Lags

AIC
2 -104.200 -262.800 -551.700 -83.300 529.900 85.200 58.400 -427.600
4 50.600 -103.900 -399.0 72100 -97 -373.700 2582.900 144100 -308.400
[ 2137.100 1981.600 1682700 2226.100 1994.200 1782.900 2382.900 2202.100 1785.800
8 -784.000 -951.400 -12432 400 7 ] 940.600 -1209.600 -543. -732.700 -1137.600
10 -525.200 -525.200 -986.100 0 -G64.600 -2 00 -398.000 -820.900
12 -444.500 -606.100 -903.200 405.200 -216.600 -326.600 -786.100
14 -414.100 -565.400 -269.600 558.000 -182.200 -281.900 -708.600
16 -286.700 -543.300 -242.000 1.500 -141.100 -317.900 -699.100
18 0 -531.700 -235.200 -330.400 -516.800 -133.200 -283.000 -711.500
20 -519.000 -222.500 -335.800 -4 0 -116.000 -296.500 ]
22 -514.200 -215.400 -331.000 497 400 -124.000 -233.200 572.800
24 -500.200 -7 | -316.300 -484.200 -152 -166.200 608.900
26 -505.300 -203.000 -348.100 -491.600 -101.900 -261.400 568200
28 -505.400 -216.400 -488.600 -76: -123.600 -189.600 -657.900
30 -498.800 -494.300 -814.400 -90.100 -278.900 -683.100
32 -502.600 -486.800 -752.800 -91.500 -258.900 -663.800
34 -487.200 -473.500 -743.800 -136.000 -153.800 -630.000
36 -502.200 -347.2300 -420.100 -796.400 -114.000 -181.600 -623.500
38 -493.300 -792.700 -286.300 -468.200 -728.000 -130.200 -152.000 -638.600
40 -490.400 -330.000 -783.200 -80.300 -258.000 -620.000
42 -227.800 -452.800 -317.000 -103.300 -189.600 2.300
44 -330.400 -488.900 -280.100 -82.200 -235.200 0.600
46 -326.000 -483.800 -310.300 -120.200 -147.900
48 -216.700 -486.500 -780.000 -310.500 -86.100 -221.400 -674.200
50 -317.200 -426.600 -781.900 -321.900 -410.200 -87.800 -212.000 -614.500

BIC
2 -366.300 ~555.200 -186.800 -366.100 -633.400 -18.300 -45.100 -531.100
4 -204.200 -589.400 -118.200 -287.600 -564.100 92.600 -46.300 -498.800
5] -70.700 -226.200 -525.100 12.400 -213.500 -424.900 175.200 -5.700 -422.000
8 10.300 -157.200 -449.200 23.600 -146.400 -415.400 250.600 51.500 -343.400
10 -83.200 -384.100 114.800 -62.600 -329.000 304.500 204.000 -227.900
12 -2.200 -205.500 230.200 192.400 -29.600 321.100 271.200 -128.200
14 58,900 -235.300 259.600 00 -188.400 452.000 352.400 -74.400
16 143.100 -1 0 398300 174.800 -32.300 545.300 355400 -12.800
18 214.200 -89.400 415.500 229,100 -32.300 612.700 462,900 34.400
20 290.700 -12.800 473.900 335.000 53.400 693.700 513.200 153.000
22 361.900 60.700 545.100 375.600 100.000 752.100 642.800 203.300
24 444.000 146.700 627.900 460.000 191.400 791.500 775.000 335.300
26 508.200 210.500 655.400 521.900 218.000 911.600 345.300
28 742.800 578.300 278.700 767.300 595.100 319.900 960.100 425.800
30 £818.700 655,700 358.200 796,600 660,300 340.100 1064.400 471.400
32 8585.100 723.300 418.200 855,100 739.100 433.000 562.500
34 969.300 810.300 514.900 1002.600 824.000 553.800 1143.700 BE7.600
36 1029.500 8E7.400 558.700 1022200 889.400 73.100 1187.900 685.100
38 1113.100 9458.500 649.200 1155.600 973.600 713.800 1311.600 1289.200 803.200
40 1182.200 1023.900 720.000 1124.300 1033.400 731.100 1434.000 1256.300 894.300
42 1259.100 1094.100 792.200 1270.000 1115.800 823,800 1423.600 1397.200 014,600
44 1220.200 1170.200 866.000 1379.700 1262.500 1037.000 1424.500 10289100
46 1406.600 1248.800 947.200 1422.400 1267.100 950.000 1584.700 1221.700
48 1489.000 1219.100 1025.600 1495.200 1365.700 1078.200 1584.200 1131.400
50 1561.000 1352.100 1096.900 1556.200 1468.500 1165.600 1666.700 1264.200
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Two (2) Input Variables and Four (4) Lags
AlC
58.900 -67.000 -380.800 105.900 -65.100 -340.200 310.000 -248.500
-752.200 -839.000 -1202.200 -656.000 -236.2300 -1103.500 -478.900 -1036.800
-510.900 -583.800 -963.400 -354.100 -578.700 -201.400 -204.200 -721.000
-483.500 -541.500 -945.400 -520.000 -804.200 -129.900 -529.200
-487.500 -524.2300 -966.800 -487.600 -741.100 -128.800 -528.500
-448.400 -546.000 -495.900 -144.400
-457.000 -553.100 B -115.500
-438.200 -512.200 -121.300
-438.800 -528.700 -278.300 -116.300
-451.100 -538.500 -963.800 -300.600 -79.200
-4.52.000 -506.600 -934.400 -249.800 -85.700
-436.800 -511.200 -927.500 -278.100 -121.500
-453.700 -515.700 -848.900 -233.800 -99.300 -173.100
-430.000 -526.200 -937.200 -328.900 -113.100 -150.500
-456.800 -525.800 -958.600 -270.200 -83.800 -205.100
-429.500 -521.000 -928.100 -242.400 -83.900 -200.700
-424.000 -535.800 -956.500 -276.300 -4 -231.800
-433.700 -518.500 .B00 -321.800 -475.700 -202.800
-436.800 -530.400 100 -289.200 -454.400 -233.900
-521.200 - .500 -310.5 -471.300 -79.500 -200.900
-933.300 -275.500 -463.700 -63.300 -265.300
-966.300 -305.200 -438.400 -63.600 -255.600
-976.100 -250.400 -323.200 -93.900 -162.200
-427.300 -G944.400 -264.000 -431.500 -62.800 -259.500
-436.000 -971.200 -285.600 -456.400 -657.300 -232.000
BIC
-159.900 -285.800 -B08.600 -111.900 -284.000 -559.100 91.200 -11.400
-44.300 -121.100 -454.300 51.900 -128.400 -395.600 229.000 151.900
95.400 23.400 -356.100 253.100 28.600 -194.200 403.100 303.600
228.600 170.600 -233.300 358.300 183.100 -92.100 582.300 381.900
358.800 2.000 -120.500 538.900 105.200 707.500 635.600
541.900 444.300 41.300 682.600 232.600 845.900 £19.300
G51.700 585.700 163.100 850.100 458.200 1023.200 943,900
851.400 777.400 371.900 996,800 516.000 556.800 1168.200 1116.400
1003.000 913.100 501.500 1163.500 4975.300 721.000 1325.500 1272.400
1143.900 1056.500 G31.200 1285.400 1142.800 850.700 1515.800 1335.500
1296.900 1242.300 814.400 1499.100 1285.800 1663.100 1522.600 1121.500
1466.400 1381.900 975,700 1625.000 1448.800 1759.000 1315.800
1604.100 1542.000 1108.800 1824.000 17 700 1884.700 152:
1782.600 1626.200 1275.400 18283.700 1749.600 1432.200 2062.100 1626.700
1910.8900 1841.900 1399.100 2088.500 1899.200 1636.900 2162.600 1 100
2093.400 2001.900 1584200 2280.500 2059.000 1824.200 2322.200 1932.900
2244.300 2142.500 1721.700 2401.900 2227100 1966.300 2446.500 2106.800
2400.000 2315.200 1895.900 2511.900 2358.000 205 2625.000 2165.800
2458.900 2032.200 2700.000 2524.900 225 2755.400 2414.000
7 2613.700 2178.400 2834.400 2673.600 2 2944.000 2540.400
2883.000 2773.600 2367.300 3025.100 2836.800 257 3035.300 2662400
3018.800 2926.100 2490.000 3151.100 3017.800 2722600 3362.700 32 i 2851.100
3157.600 3024.200 2636.000 3352.700 3288.900 2040.600 3518.200 3448.900 3027.100
334 0 3230200 2823.500 3503.800 3336.400 3020.400 3705.100 3508.400 3101.800
3487.800 3379.800 2952.600 3638.200 3467.300 3184700 3856.500 3690.800 3336.300
Two (2) Input Variables and Two (2) Lags
AlC
-244.200 -550.300 -0.100 -238.200 -445.800 130.800 46.300 -300.800
2 {0[4] -213.600 353.700 123.200 -89.200 388.800 -
-1132.200 -1590.100 -1046.200 -1261.900 -1506.100 -968.200
-561.800 -1015700 -491.500 -622.500 -036. 100 -494.200
-461.500 -922.600 -805.900 -199.400 -356.200
-462.400 -926.600 -7E2.700 -196.300
-440.600 -549.000 -911.500 -822.500 -120.400
-392.400 -524.700 -8651.900 i -124.400
-392.800 -520.300 -869.300 -115.900
-382.500 -515.300 -249.400 -107.600
-400.100 -509.700 -866.300 -114.800
-366.000 -514.500 -841.200 -138.600
-370.600 -511.200 -246.900 -93.800 -542.400
-320.900 -498.900 -846.600 -97.800 -520.000
-499.500 -838.900 -325.900 -486.000 -103.500 -581.400
-503.400 -824.500 -326.500 -420.000 -95.700 - -589.400
-507.800 -847.600 -323.000 -93.000 -212.200 -583.100
-505.200 -864.900 -296.400 -94.800 -205.400 -621.800
-502.900 -852.700 -313.800 -105.000 -602.700
-510.500 -867.900 -316.900 -80.500 -522.500
-4239.800 -836.500 -320.800 -73.300
- -502.500 -853.000 -314.600
-367.600 -506.900 -854.200 -323.500
-354.300 -832.300 -320.800
-372.600 -851.800 -323.900 -388.200 -238.100
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BIC
2 -218.200 -667.800 -108.600 -346.600 -554.200 22.300 -62.100 -409.300
4 -134.500 -263.900 -585.600 -18.300 -461.200 114.700 16.800 -420.200
[ -37.300 -120.300 -486.200 48.700 -411.200 197 200 126.600 -278.000
8 46.300 -85.600 -407.600 1 16.600 -328.000 3198.200 113.900 -281.900
10 139.000 -2.600 -322.000 248.000 -205.400 401.100 244.300 - 166.400
12 188.100 24.700 -276.200 307.800 -132.200 454.200 418.900 -58.700
14 272.200 159.800 -152.800 351.100 0 538.400 520.000 6E5.800
16 402.800 260.600 -56.600 455.600 522.400 125.800
18 483.300 345.800 6.800 541.800 614,600 224.400
20 577.000 444,200 620.400 160.900 701.600 298.800
22 644.600 534.900 711.900 256.000 028.800 827.600 417100
24 764.800 616.400 795.900 349.300 992.200 957.200 493.300
26 847.300 706.700 954.700 580.300 1124.100 952.200 659.500
28 924.700 B806.700 1016.900 552.400 1207.800 1021.700 625.500
30 1023.500 894,100 10657200 7.7 609.000 1290.100 1197.8900 802.200
32 1123.000 975.700 1002.100 701.500 1385.200 1274.400
34 1203.900 1063.000 1090.8900 783.800 1477.200 1358.6
36 1275.400 1154.500 0 ! 00 1564.900 1454.400 1037.8900
38 1374.900 1245.900 0 979.000 1643.200 1571.800 1146.100
40 1458.000 1327.600 13653.100 1066.900 1757.600 1598.5900 1205.600
42 1081100 1451.700 1140.200 1854.200 1675.200 1368.600
44 1164.000 1561.100 1267.200 1910.600 1851.000 1455.300
46 1252.400 17283.100 16 ] 1308.200 1985.500 1953.100 1490 0
48 1364.000 1875.500 17234.500 1421.200 2122.100 1954.600 15 0
50 1913.500 1788.200 1434.200 1962.200 1897.200 1589.200 2211.100 2048.000 1687.200
Two (2) Input Variables and One (1) Lags
AlC

2 -123.600 -285.400 -576.000 -99.800 -546.400 110.200 -54.400 -4281.600
4 -46.900 -202.100 -498.100 103.300 -334.000 190.700 33.400 -350.200
[ 190.400 32.800 -261.700 216.800 410.500 313.200

8 7016.800 5264.100 5564.100 7048.100 7235.800 7163.900 767.400
10 -862.800 4 -1317.400 -831.900 -628.900 -769.200 -1181.900
12 -1025.000 - 00 -514. -909.200
14 -946.200 -332.6 -824.700
16 -295.300 i -6 00
18 -870.900 -163.200 -340.900 -708.800
20 -852.200 -152.800 -296.500 -530.000
22 -838.400 -121.800 -315.000 -714.800
24 500 -820.800 -123.600 -562.900
26 500 -218.300 -117.800 -707.300
28 -804, -107.300 -698.900
30 -807.200 -116.200 -242.200 -634.000
32 -824.100 -96.600 -301.300 -673.600
34 -806.100 -98.600 -275.200 -B52.300
36 -201.900 -169.000 -531.900
38 -757.900 -283.400 -663.400
40 -200.200 -121.300 -168.000 -593.000
42 -200.600 -90.800 -651.000
44 -799.100 -126.000 0
46 -500.900 -205.000 -75.100

48 -466.000 -763.500 -84.000

50 -491.700 -752.500 -82.000

2 226.000 -387.800 -678.500 -202.200 -382.700 7.700 -156.800

4 174.000 -329.200 -625.200 -23.800 -283.700 63.700 -93.700

5] 114700 -272.300 -566.800 -55.300 -266.800 105.400 5.100 -455.900
8 62.600 -215.400 -515.500 -31.500 -208.000 -475 156.200 84.300 -312.200
10 -1.800 -159.300 -456.400 29.100 -145.900 -416.300 232.200 91.800 -320.900
12 54.200 -100.900 -398.300 74.100 97.300 -375.000 300.000 111.700 -282.500
14 105.700 -51.000 -354.600 190.300 65.600 -202.600 326.100 259.100 -233.100
16 165.800 5.400 -291.500 248.700 31.700 -187.500 398.700 -63.900
18 221.600 55.900 22 250.400 20.300 -196.000 471.100 -74.500
20 280.800 123.100 -178.300 312.300 142.500 -127.100 521.100 -16.100
22 340.400 179.500 -119.600 351.800 195.000 -52.600 586.900 3.8900
24 397.800 236.200 -53.000 422.200 250.000 -25.400 203.900
26 459.900 293.400 -1.400 473.000 312.000 24.600 109.600
28 353.400 58.900 378.200 G97.100 <

30 410.900 114.200 432.900 158.400

32 457.700 150.800 517.100 235.300

34 523.600 223.000 583.200 : 930.500

36 580.400 281.800 GO7.100 948.000

38 G36.400 340.800 1049.200

40 G92.100 393.800 1062.800

42 200 449100 1158.900

44 i 00 506.400 1016.000 1169.500

46 1025.900 860.700 556.600 1098.900 950.800 1286.400

48 1090.000 951.700 G54.200 1122.700 940.600 1333.700

50 1144.200 952.400 G21.500 1176.200 1042.400 1392.000 1224.200

Table E17: NN Model for J256 Return and J256 Return Deviation
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Four (4) Input Variables and Four (4) Lags

Linear Function

Logistic Function

Softmax Function

No. of Neurons | Return | Deviation [ Covariance |  Return | Deviation | Covariance |  Return | Deviation | Covariance
AlC
2 -239.400 -1196.600 -645.800 -825.500 IOB? 300 -441.300 -561.800 -1041.700
4 -513.300 -976.600 -319.200 -498.900 -112.400 730.200
[ -1044.800 -302.000 -468.500 -112.200 -574.900
8 -984.000 -330.800 -77.400 -526.300
10 -960.400 -360.100 -101.100 -519.200
12 -1058.400 -356.400 -67.700 -591.600
14 -939.500 -460.600 -52.900 -536.000
16 - -1069.800 -368.300 -55.800 -524.800
18 49'3 10“ -948.200 -328.800 --144 -10‘.' - -66.900 -628.900
20 -520.000 -1026.000 -4 -487.300 -328.30'.' -83.800 -545.600
22 -508.200 -515.600 -1013.500 -408.6 -456.600 -864.300 -62.400 -600.000
24 -486.800 -518.600 -994.900 -5009.000 -504.600 -1003.600 -45.900 -650.300
26 -471.200 -498.200 -959.800 -344.400 -452.500 -786.900 -69.800 -133.100 -529.300
28 -424.200 -523.900 -1001.100 -441.300 -465.400 -896.900 -65.900 -141.200 -598.300
30 -506.000 -522.100 -1019.800 -390.600 -442.200 -824.600 -58.700 -157.300 -568.900
32 -463.100 -504.600 -959.600 -415.300 -456.300 -864.600 -51.400 -181. (‘0” -615.300
34 -520.500 -1017.000 -463.500 -510.300 -965.600 -35.600 -658.900
36 5 - 1064, 900 -510.300 -496.000 -1003.100 i -G03.100
38 -513.200 i -525.600 -566.700 -1085.400
40 -511.500 -520.100 -934.400 -
42 -544.300 -491.300 -991.700 -5 12 200
44 -511.400 -513.200 -993.600 -602.900
46 -462.100 -509.000 -9654.500 -516.900 -1012.600 -600.300
48 -503.100 -528.400 -1024.100 -519.000 -1034.900 -575.600
50 -429.500 -512.200 -995.500 -506.300 -511.400 -1011.300 -601.800
BIC
2 -141.500 -228.700 -35.100 -214.800 -472.600 -421.000
4 -41.600 -21.200 172.900 -6.900 -228.200
G 115.000 140.200 367.800 201.300 -5.100
8 355.700 354.600 526.500 7 1396 700 240.000
10 590.500 107.900 705.200 270.100 950.. 900 449,100
12 724.800 214100 916.100 480.100 650.900
14 1026.200 g 538.500 1017.300 1013 200 562.700 1415.000 0
16 1123.500 1160.400 614.300 1315.800 1234.100 8580.300 1628.300 1480.100 g
18 1424700 1384.600 942,300 1551.800 1446.200 1119.400 1823.700 1738.800 1251.800
20 1578.900 1577.500 1071.500 1644.800 1610.200 1169.100 2013.700 1982.200 1551.800
22 1795.700 1728.900 1281.000 1885.800 1247.900 1440.200 2242.200 2150.000 1704.600
24 2024.800 1993.200 1516.900 2007.200 1508.200 2462.800 2308.300 1861.500
26 2247.800 2220.800 1759.200 2266.500 1932.100 2849.300 2585.800 2179.700
28 2442, 20” 2402.600 1925400 2485, 20" 2461.100 2020.600 2B60.600 2328.200
30 2611.900 2114.200 2743.400 2691.800 2300.400 3075.200 2565.000
32 2878.400 2836.900 2321.900 2826.200 2885.200 2476.900 3200.100 2726.200
34 3043.800 3028.500 2532.100 3085.500 3038.200 2523.500 3513.500 2820.200
36 3217.600 3220.000 2692.500 3246.400 3699.500 3600.200 3153.600
38 0 2004.200 2438.800 3806.900 3232.800 3407.100
40 3182.100 A028.600 3608.600
42 QB44 200 3835, 40" 3305 40I'I A261.200 3867.500
44 4113.800 A076.000 4388.800 3924.500
46 4333.100 4286.200 0 AE36.200 4194.900
48 4460.800 4474.500 3578.200 i 4274.800 A427.400
50 A721.200 A598.500 4215.200 4704.400 4699.2300 4199.400 5082.800 4500.000
Four (4) Input Variables and Two (2) Lags
AlC
2 -43.000 -115.500 -485.500 -99.800 -357.600 155.600 -284.400
4 -566. 00" -1157.100 -594.700 -1114.200 -371.100 -807.300
[ 0 -1023.800 -522.100 -921.400 -698.100
8 -543.000 -993.500 -452.900 -90 0 -619.600
10 5 0 -540.500 -1021.900 -482.400 -855.100 - IBCI 00” -624.900
12 -496.400 -5329.000 -1000.700 -380.200 -457.100 -845.900 -199.600 -624.600
14 -423.700 -528.600 -982.700 -417.800 -473 QO"I -866.300 -144.100 -556.200
16 -500.800 -545.100 -1020.800 -274.600 -712.200 -187.900 -621.100
18 0 -528.600 -983.600 -300.200 -749.200 -146.100
20 -459.600 -508.500 -948.100 -387.800 -820.000 -141.800
22 -426.200 -519.300 -986.800 -983.900 -114.200
24 -462.000 -490.100 -904.300 -252.000
26 -451.200 -520.500 - -895.500 -141.900
28 -441.900 -520.500 - -475 20L' -853.300 -59.000
30 -485.300 -952.900 -428.100 -913.200 -50.500 0
32 -427.000 -460.900 -821.100 -7.3.800 -123.000
34 -453.900 -508.600 -975.000 -47.600 -225.300
36 -446.200 -484.200 -911.300 -61.700 -160.600
38 -470.800 -904.900 -54.300 -124.900
40 -951.600 -504.400 -940.100 -45.800 -219.500
42 -1062.800 -459.100 -947.400 -72.900 -128.800
44 - -974.900 -440.000 -462.200 -909.500 -57.300 -162.200
46 '-18_ 00" -916.400 -413.400 -502.900 911.700 -75.600 -123.200
48 -451.200 -500.400 -243.100 -470.200 -504.300 L6010 -57.500 -161.500
50 -443.400 -510.200 -943.600 -445.700 -483.700 937.900 -62.700 -148.800 -526.200
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BIC
2 -250.400 -322.900 702.900 -127.500 -307.200 70.200 -21.800
4 -170.900 -252.200 GE2.000 -182.100 -199.600 171.600 124.000
[ - 00 -129.400 -36.200 -83.900 304.500 199.300
8 17.200 -15.100 N 53.100 35.000 7 413.500 333.400
10 102.400 av.100 -354.200 215.200 145.300 -227.400 532.800 4358.600
12 237.900 195.300 266400 354100 237 .200 -111.600 654.600 534.700
14 3650.400 315.500 370.800 -22.100 750.400 700.000
16 454.900 410.600 501.400 243.500 824.800 7E7.800
18 580.500 539.700 617.600 319.100 955.900 922.100
20 573,100 719.000 351.500 1100.300 1039.700 616.000
22 776.000 751.000 311.400 1199.100 1121.000 751.900
24 919.300 933.700 505.100 1360.800 1157.400 754.100
26 1003.200 1090.700 1046.900 625200 1448.500 1381.800 914.700
28 1108.800 1246.000 1163.000 1456.700 1020.200
30 1230.800 1318.800 1264.800 GO0 1084.700
32 1380.700 1294.000 7 1440.100 1406.800 056.500 1793.900 1281.600
34 1528.700 1424.800 1043.900 1507.500 1473.900 1007.500 19324.900 1:331.900
36 165 1583.700 1148700 1613.200 1186.200 2035.800 0 1528.800
38 1739.200 1682.800 1221.700 1767.200 1741.700 1307.600 2158.200 2027.600 1537.800
40 1884.600 1808.200 1376.000 1880.600 1823.200 1387.500 2280.800 2108.000 1 400
42 1846.200 1865.200 1379.200 1924.400 194 3.600 1455.300 2313.200 1918.600
44 2091.200 2041.300 1582.900 2108.800 2089.600 1648.300 2380.500 1906.300
46 2232.300 2191.000 1756.600 2259.600 2164.100 1761.300 2597.400 2540.800 2134.400
48 2336.900 2287.800 1845100 2308.400 2283.900 1813.600 2730.600 2626.700 2227.800
50 2460.000 2393.300 1959.200 24 57.800 2408.700 1965.500 2840.700 2754.600 2317.100
Four (4) Input Variables and One (1) Lags
AIC
2 -271.700 -655.300 -206.200 -263.100 -628.600 104.800 53.800 -510.800
4 136.400 -264.600 238.000 179.300 -196.500 558.300 450.800 -14.300
] -859.200 -1262.100 -645.800 -325.500 -1083.300 -450.500 -534.200
8 -648.900 -1053.600 -558.500 -602.100 -1007.500 -208.100 -286.600
10 - -978.700 -440.400 -527.700 -876.000 -150.800 -220.900
12 -1018.200 -321.400 -498.800 -123.300 -209.100
14 -975.900 -452.500 -487.700 -120.000 -156.800
16 -998.400 -374.100 -101.600 -178.000
18 -960.000 -432.600 -157.000
20 -959.600 -448.900 -207.800
22 -435.600 -519.200 -922.900 -428.600 - -125.400
24 -451.600 -543.500 -066.300 -442.000 -503.500 -141.200
26 -440.700 -536.900 -955.000 -428.200 -495.800 -897.300 -182.300
28 -448.400 -548.700 -072.800 -414.900 -463.600 -253.800 -136.500
30 -436.700 -525.400 -941.700 -415.800 -473.500 -867.000 -66.700 -129.700 -640.200
32 -423.600 -511.400 -914.400 -425.300 -499.700 -903.400 -83.600 -129.900 -571.000
34 -424.200 -527.800 -953.100 -429.600 -493.300 -902.900 -95.500 -119.500 -505.900
36 -444.500 -520.400 -955.600 -411.800 -470.800 -863.600 -124.600 -610.700
38 -556.700 - 500 -397.800 -453.500 -823.100 -119.600 -541.000
40 -519.900 -952.400 -426.200 -511.900 -921.500 -137.300 -501.500
42 - -513.200 -926.400 -421.300 -420.800 -885.400 -125. -614.200
44 -439.000 -540.100 -964.900 -405.400 -474.300 -869.100 -216.900 -622.200
46 -416. -457.100 -859.400 -420.500 -426.900 -902.200 - -119.000 -506.900
48 -431.700 -524.800 -G41.700 -427.400 -469.600 -885.000 -57.200 -156.100 -671.200
50 -421.900 -523.200 -931.100 -420.700 -471.700 -878.200 -82.300 -121.300 -512.300
BIC
2 -306.800 -365.700 -749.300 -300.200 -357.100 10.800 -40.200 -513.800
4 -256.700 -333.000 734.000 -231.400 -290.100 £82.900 11.400 -483.700
5 -186.600 -248.500 -551.400 -35.100 -214.800 160.200 75.500 -386.000
8 -121.700 -212.900 -617.6 -122.500 -166.000 227.900 149.400 -360.400
10 -49.300 -128.900 -530.5 7.900 -79.500 207.400 215.300 -264.900
12 5.000 -106.800 -526.100 170.600 -6.800 368.800 282.900 -199.300
14 72.000 -10.000 -429.000 G4.400 59.200 417.000 390.200 -121.900
16 139.300 230,400 -351.400 119.400 505.300 428.000
18 224.000 116.500 -290.200 191.000 566.700 512.800
20 285.900 185.800 -225.400 223.000 G56.600 526.500
22 354.300 280.700 -123.000 500 226.500
24 414.700 322.800 -100.000 7720 725100 240.000
26 492,500 396.400 -21.700 860.000 751.000 324.900
28 552.300 452.000 27.800 585.700 910.100 864.100 361.700
30 G31.600 542.900 126.600 G52.400 1001.600 g7 8.600 419.100
32 712.600 624.800 221.800 710.800 G36.500 1052.600 096.300 565.200
34 /70.000 656.500 251.200 /74.700 711.000 1108.800 1024.800 5938.400
36 8258.100 743.100 316.000 B860.700 801.800 1150.200 1137.900 661.900
38 899.900 0943.100 1251.600 1221.300 799.900
40 923.200 1330.200 1272.100
42 1056.600 1352.900 1352.200
44 1107.600 1006.600 1141.200 1484.300 1320.700 024.400
46 1198.600 1118.200 1184.800 1128.500 1530.200 1496.300 1108.400
48 1252.400 1159.200 1256.700 1214.400 1616.900 1528.000 1012.900
50 1331.000 1220.700 1332.200 1281.200 1670.600 1631.600 1239.600
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Two (2) Input Variables and Four (4) Lags

AIC
2 424700 -15.100 447.900 429.000 16.000 807.700 722.400 183.100
4 -551.400 -996.800 -447.900 -563.100 -278.100 -209.000 -235.500 -805.200
[ -423.500 -484.100 100 -130.300 -178.300 -753.400
8 -485.500 -960.100 -480. 00“ -902.300 -958.900 -176.400 -628.200
10 -4.57.000 -5 lfl 700 -983.800 -568.300 -68.700 -240.400 -712.900
12 -499.800 -528.000 -1003.100 -429.300 -933.600 -105.500 -122.000 -616.900
14 -472.000 -506.700 -456.500 -293.800 70.200 -177.800 -631.600
16 -482.300 -506. -433.800 -74.700 -155.000 -606.300
18 -464. COH -519.200 -349.000 -658.400 -163.300 -598.800
20 i -533.800 -435.000 -64.600 i -E"\E -OH
22 -485.500 R -280.600 -69.700
24 -1024.300 -352.400 -100.300
26 -950.100 -434.200
28 -1000.700 -378.100 9.500
30 - -969.900 -456.200 -136.100
32 ‘2!3 300 -1002.100 -415.000 -168.800
34 -526.900 -997.200 -458.900 -142.000
36 -508.900 -947.800 -425.400 -2885.000
38 -504.300 -849.900 -453.100 -890.500
40 -495.000 -955.200 -459.600 -912.800
42 -523.400 -1002.500 -434.100 -2284.900
44 -496.200 -948.800 -454.900 -901.500
46 -525.300 -973.800 -442.300 - -B887.600
48 -459.100 -933.900 -447.000 -145I S00 -888.100 -174.300
50 -498.800 -953.600 -370.300 -453.500 -817.200 -207.300

BIC
2 -284.100 -287.800 -260.900 -279.800 -652.800 13.600
4 -118.100 -146.600 -14.500 -120.700 -444.800 197,900 7
5] 26.000 -10.900 15.400 500 331.200 -243.900
8 139100 126.700 -325.500 154.600 - i 458.200 5.400
10 273,600 251.000 -213.100 340.900 202.300 702, HOO 530.300 200
12 411.100 382.900 -92.200 443.400 -22.700 805.500 294.000
14 581.200 546.500 97.600 593.500 159.400 933100 421.700
16 714.400 690.000 225.400 7 735100 317.300 1122.000 520.400
18 876.300 821.700 367.300 091.900 880,900 555.600 1272.500 742100
20 1008.900 951.800 488.000 1050.600 1020.100 610.000 1421.000 847100
22 1185.900 1145.100 714.800 1350.000 1125.700 920.200 1560.900 1020.000
24 1283.900 1238.900 751.500 1423.500 1330.500 992.500 1675.500 1120.400
26 1467.400 1416.600 497 1.200 1427.100 1459.900 1048.400 1823.000 1362.500
28 1594.400 1529.000 1066.100 1628.7 1604.100 1238.800 1996.300 1472.900
30 1762.000 16282.500 1242.600 1756.300 1759.500 1307.400 2141.100 1618.600
32 1871.800 1831.8900 1355.100 194 3.200 1606.500 1503.100 2300.400 1759.300
34 2030.100 1677.200 1506.900 2045.100 2038400 1580800 2430.100 1832.800
36 2202.600 2141.000 1702100 2224600 2178.700 1765.000 2588.100 1672.600
38 2340.100 2291.600 1846.000 2342.800 2340.800 1896.400 2736.300 2240.100
40 2472600 2446.800 1986.700 2482200 2480100 2029.000 2859, EOH 2336.000
42 2601.300 2564.500 2085.300 2653.700 2534.800 2203.000 3023 2509.800
44 2774100 2737.700 2285.100 2779.000 2783.200 2332.400 3178, 00II 2617.100
46 2924.000 2854600 2406.100 2937.600 2920.300 2492300 3298.200 2B848.300
48 3084.100 3026.900 2592.100 3079.000 3076.100 2637.900 3473.000 0 2801.500
50 3208.700 3173.300 2718.500 3301.800 3218.600 2854.900 3627.000 '4-1(-4 80“ 3046.600

Two (2) Input Variables and Two (2) Lags
C

2 -2209.500 -236.300 -BE7.7 -226.700 -485.200 153.400 51.400
4 -4759.800 -4772.500 -5204.700 -4768.200 -5158.300 -4383.600 -4460.100
G -616.800 -691.200 -1120.000 -623.300 -1019.700 -236.300 -355.000
8 -552.200 -1014.900 -520.500 -294.300 -141.000 -278.200
10 -508. COH -1009.100 -488.100 -896.700 -115 20‘I -224.100
12 - -939.400 -484.200 -836.600 -154.000
14 -1012.900 -482.100 -931.500 -142.000 -
16 -1027.500 0 -271.100 -162.500 -624.000
18 -1006.000 -434. ‘:OH -872.700 -188.000 -618.100
20 -947.900 -444.200 -285.100 -181.100 -643.200
22 -1002.800 -431.600 -868.000 - -172.700 -656.400
24 -1025.900 -426.800 -863.800 - 100 500 -119.600 -625.800
26 - - i -1012.000 -416.300 -854.800 -57.900 -220.600 -591.800
28 -464.700 -539 '40“ -986.600 -473.200 -929.300 -81.100 -141.900 -64.2.400
30 -458.900 -545.200 -990.100 -429.400 -821.500 -51.300 -1 00 -584.700
32 -461.000 -556.300 -1004.200 -411.400 -840.700 -90.500 -120.700
34 -466.000 -549.900 -1003.400 -425.300 -878.000 -65.100 -168.800
36 -452.000 -548.400 -925.900 -449.600 -892.200 -63.100 -171.700
38 -446.900 -516.100 -948.800 -395.300 -240.600 -67.400 -156.600
40 -469.800 -556.400 -1013.000 -424.400 -826.300 - -176.000
42 -445.200 -520.100 -951.000 -427.800 -890.500 -"6 HOO -134.100
44 -459.200 -522.300 9.100 -441.100 -65.300 -155.100 -504.500
46 -461.200 -516.200 -965. -428.400 -49.000 -217.100 -648.000
48 -448.000 -527.600 -963.800 -422.900 -220.200 -55.800 -181.600 -617.600
50 -458.900 -547.000 -996.600 -415.700 -223.500 -51.000 -200.200 -510.900
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BIC
2 -341.000 -347.800 -158.600 -338.200 -596.700 41.900 -50.100 -562.800
L) -256.700 -269.400 -213.200 -265.100 -555.200 119.600 43.000 -496.000
[ -165.000 -229.400 -126.600 -171.500 - 200 215.500 95.800 -323.800
8 -107.600 -116.500 -18.400 -84.900 -449.700 303.600 166.400 -318.600
10 -10.900 -62.900 31.700 -390.000 382.500 -174.700
12 25,700 56.300 162.800 -270.100 440.800 -120.000
14 169.400 54.000 - 151.100 -289.900 524.400 34.200
16 231.200 152.400 -307.700 284.100 -151.200 624.900 557.300 95.900
18 336.700 234.000 -206.100 365.500 -72.800 721.600 511.900 181.800
20 402.500 3585.500 437.000 412.300 -3.900 805.200 700.000 238.000
22 505.000 398.600 531.600 501.400 95.200 855.000 759.500 306.800
24 7 472100 618.900 585.500 181.900 945,200 926.100 419.900
26 567.900 712.300 665.300 273.0900 1 200 908.000 536.900
28 672500 738.600 742.700 282.600 1130.800 1069.900 569.400
30 750.100 856.000 835.000 413.800 1214.000 1157.900 700.600
32 918.000 822600 067,500 022.800 529.200 1288.500 1258.200 709.500
34 0996.700 4912800 1027.400 1003.800 554.800 1397.600 1294.000
36 1084600 995,200 1097.000 1088.100 653.400 1483.500 1374.900
38 1123.700 1114.500 631.800 1235.200 1172100 790.000 1563.200 999.100
40 1244.700 1158.200 701.700 1280.200 1248.200 828.300 1654.700 1106.400
42 1353.600 1278.700 847.800 1361.000 1331.900 908,300 1722.800 1179.900
44 1423.800 1360.700 913.900 1441.900 1424.200 995.500 1817.700 7
46 1506.000 1450.900 1001.900 1528.200 1508.300 1082.900 1918.200 1319.200
48 1603.500 1523.900 1087.700 1618.600 1561.500 1171.300 1995.700 1433.900
50 1676.900 1588.800 1139.200 1720.200 1655.500 1252.300 2024.800 1935.600 1524.900
Two (2) Input Variables and One (1) Lags
AIC
2 -243.600 -298.900 -528.200 -220.600 -293.400 -569.100 93,400 3.300 -457.300
4 -117.100 -259.000 -5E58.000 52.900 -99.600 -354.900 231.400 142.000 -240.000
[ 3911.900 3761.200 3343.200 3540.300 3886.900 3506.900 4258.900 4198.800 3648.900
g -743.400 -856.100 -1268.700 -717.700 -770.300 -1152.100 -464.200 -908.300
10 -643.200 -1039.500 -381.400 -581.300 -800.100 -303.600 3.700
12 -572.200 -1093.300 -488.300 -545.400 -924.200 -267.000
14 -591.900 -1006.500 -455.000 -521.900 -897.100 -148.700 -154.500 -
16 -610.2300 -1025.300 -426.200 -497.600 -B67.200 -104.200 -259.700 -704.500
18 -609.500 -1030.500 -458.100 -491.800 -893.800 -107.100 -199.600 -675.600
20 -622.700 -1046.200 -445.200 -474.300 -871.700 -111.700 -165.400 -636.200
22 -591.000 -1006.100 -435.200 -876.500 -93.600 -187.7 -683.200
24 -598.800 -1021.900 -419.900 -860.100 -244.000 -713.400
26 -583.900 -1000.600 -428.000 -871.100 -174.800 -648.700
28 -580.100 -995.400 -440.900 -187.800 -629.100
30 - 100 -954.400 -404.300 -187.300 -651.600
32 -545.600 0 -425.100 -157.400 -522.500
34 -581.900 -996.600 -420.300 - -650.100
36 -425.000 -586.900 -1001.200 -426.900 -867.100 - -561.300
38 -436.200 -574.800 -993.300 -412.400 - -852.300 -76.100 - 0 -645.200
-430.800 -920.000 -414.900 -469.300 -863.300 -104.500 -112.700 -642.600
42 -430.500 -977.000 -424.300 -450.400 -BE2.800 -70.500 -168.200
44 -422.100 -1000.5600 -415.700 -454.200 -850.100 -56.400 -222.500
46 -426.300 -950.300 -401.400 -460.200 -242.100 -56.400 -174.500
48 -428.200 -1001.100 -431.200 - -886.000 -70.500 -158.800
50 -424.500 -989.700 -416.300 -866.600 -52.400 -228.600 -622.600
BIC
2 -329.100 -384.400 -773.800 -316.100 -378.900 -7 54,600 7.900 -82.200 -582.800
4 -287.800 -429.700 -828.800 -101.900 -270.400 -525.600 60.700 -22.700 -410.800
G -240.700 -391.400 -809.400 -212.300 -265.700 106.300 45.200 -503.600
8 -185.500 -298.200 -710.800 -159.800 -212.300 164.200 G3.700 -350.400
10 -119.600 -203.800 -600.200 58.000 -141.900 222,600 135.800 -334.300
12 -86.600 -233.600 -654.700 49,7 -106.800 283.000 171.600 -271.100
14 -28.700 -126.300 -541.000 -56.300 317.000 271.100 -241.800
16 26.500 -106.700 -521.800 5.000 399.400 -200.900
18 23,100 -62.500 -423.600 52.800 55.100 439.800 -128.700
20 132.800 -29.400 -452.900 145.000 119.000 -42.900
22 159.300 50.600 -364.500 208.400 158.100 -224.900 -41.600
24 234.300 92.400 -330.800 271.200 212.500 -169.000 -22.300
26 300.500 157600 -259.000 313.500 264,300 -129.500 653.900 92.800
28 351.600 212.500 -202.800 351.700 318.900 -90.300 713.300 604.800 103.500
30 411.600 255.000 439.800 300 2.800 768100 656.800 192,600
32 464.600 350.500 57.500 470.900 426.900 20.300 813.000 738.600 363.500
34 514.500 366,300 -458.300 527.900 470.400 75.200 g75.800 754.400 288100
36 413.700 -0.600 3.700 536.600 133.600 922.900 540.300 439.300
38 473.400 50.000 640.900 590.300 201.000 a77.200 890.500 408.000
40 541.900 126.000 691.100 G36.600 242.700 1001.500 993.300
42 596.600 181.800 734.600 296.000 1028.400 990.700
44 633.300 211.300 796.200 7 361.800 1155.500 029.300
46 838.600 716.800 304.700 863.500 804.700 422,800 1198.600 1090.400
48 889900 7.36.000 317.000 886.900 844,600 432.100 1247.600 1158.300
50 946,800 795,000 381.700 955.000 903.400 504.800 1318.900 1142.800

Table E18: NN Model for Retail Return and Retail Return Deviation
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Four (4) Input Variables and Four (4) Lags

1 Linear Function Logistic Function 1 Softmax Function
No. of Neurons]  Return | Deviation ]| Covariance |  Return | Deviation | Covariance | Return | Deviation | Covariance
AlC
2 -1302.400 -824.100 -1263.000 -425.800 -553.900
4 -1029.500 -609.200 -1081.700 -106.900
6 -1021.900 -593.000 -1115.500 -105.600
g -1032.900 -584.000 -1130.500 -57.400
10 -1039.100 -588.900 -1108.200 -66.600
12 -1049.200 -609.100 -1161.600 -61.000 -166.000
14 -1068.700 -584.200 -1136.500 -51.900 -188.200
16 -1046.600 -580.300 -1166.400 -73.300 -120.700
18 -1086.600 -G04.300 -1219.300 -45.700 -200.200
20 -1103.800 -1115.800 -71.800 -120.400
22 -1033.5600 7 -1124.100 -174.200
24 -1071.600 -606.600 -1197.700 -120.800
26 -1110.100 -588.100 -1150.000 -165.600
28 -1049.000 -599.800 -1148.000 -187.800
30 -10. 00 -620.200 -1208.200 -180.800
32 -1079.500 -598.300 -1167.200 -169.400
34 -1091.100 -542.300 -598.900 -1132.300 -59.400
36 -1077.300 -586.600 -588.800 -1182.500 -121.700
38 -1169.900 -5E2.500 -607.200 -1162.700 -161.000
40 -1103.500 520.000 -582.400 -1165.200 -
42 -1156.900 .300 -600.800 -1169.800 -1
44 -1122.300 592,100 -593.400 -1182.300 -175.400
46 .300 -582.100 -1141.100 -110.000
48 GO0 -1155.400 -169.000
50 -584.900 -1176.100 -112.200
BIC
2 -241.500 -225.200 56.800
4 -58.900 -50.600 256.300 -
G 144.100 108,100 533.800 20.800
8 321.800 301.000 -264.200 778.900 729.800 319.700
10 532.900 528.500 -39.900 1001.700 903.200 445.400
12 746.500 704.700 110.900 1211.600 1106.600 722.000
14 470.700 Q07,100 009,300 341.400 1426.100 1289.800 g74.100
16 1183.000 1135.200 1102.000 1084800 517.700 1610.800 )] 1147.900
18 1337.900 1269.200 1286.300 671.300 1844.900 1283.100
20 1547.000 1520.800 951.600 2025.700 1538.500
22 7 1749.900 1726.000 1180.400 17222800
24 1976.800 1440.100 1914.300 1605.100 1314.100 1920.600
26 2175.900 2145.600 1609.000 2148.800 2224.800
28 2410.500 2393.600 2368.300 500 2883.000 2728.600 2350.300
30 2528.900 i 2540.600 1925.800 3089.200 2953.100 2547.400
32 2830 7 27 64,81 2174.300 00 31 0 2812.000
34 3008.7 2989.800 3006.700 2416.700 3462.900 34 0 3034.100
36 3242.100 3193.500 3160.100 2574.200 3713.700 3575.000 3150.800
38 3385.600 7 3401.800 2801.700 3916.000 3397.900
40 36 3600.800 3068.400 3582.000 3006.900 4099.600 3660.900
42 3814700 3783400 3222.800 3803.5 77 3209.900 4334.300 3860.300
44 4052.800 4009.200 3485.200 3995.300 3994.000 3405.100 4543.700 4412.000 3998.000
46 4218.400 4206.500 3627.500 4228.900 4213.100 3654.100 4725.000 4685200 4239.600
48 4439600 4418.800 3857.100 4435.300 4410.400 3847.600 4958.700 4833.900
50 4514.700 4587.300 3998.200 4625800 4513.700 4034600 5143.000 5087.500
Four (4) Input Variables and Two (2) Lags
AlIC
2 100.30 -550.20 -112.40 -520.60 290.20 169.80
4 6599.50 -1144.30 -659.40 -1212.80 -304.70 -392.30
6 543.00 -1115.40 -553.80 -1084.00 -132.40 -259.40
8 555.60 -10189.20 -534.30 -1073.00 -96.20 -228.70
10 537.80 -1010.50 -519.50 -1061.80 -211.80
12 524.50 -960.30 -515.10 -1038.90 -158.90
14 564.30 -1040.40 -528.60 -1054.90 -188.70
16 540.00 -996.80 -512.00 -1039.30 -216.20
18 553.20 -1040.10 -521.40 -1061.60 -176.00
20 538.00 -9587.20 -510.40 -1052.80 -134.50
22 551.10 -1031.00 -500.90 -1046.20 -164.80
24 b -494.40 -1033.80 -182.40
26 -488.30 -1024.70 -143.40
28 -520.90 -1065.230 -180.10
30 -483.50 -1014.60 -131.40
32 -458.50 -958.10 -178.60
34 -488.20 -1018.90 -128.80
36 -493.60 -1024.90 -130.30
38 -4 0 -1004.60 -122.80
40 -475.10 - -102.90
42 -502.40 -162.20
44 -500.80 -229.60
46 -501.40 -108.40
48 -505.40 -187.40
50 -491.20 -1034.50 -90.90
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BIC
2 -226.400 -307.700 -757.600 -319.800 -277.000 82.800 -474.200
4 -207.200 -204.500 -649.300 -184.400 -284.600 -7 0 190.400 -346.400
[ -119.900 -194.200 -667.200 -105.500 177.900 -635.800 215.800 -236.200
g 4.700 27.800 -491.400 -6.500 -545.100 431.700 -150.200
10 111.100 29.800 -382.800 107.800 -434.200 -43.500
12 268.800 209.800 -226.000 219.200 7 -304.700 127.200
14 339.100 279.800 -196.200 315.500 288.200 -210.800 228.200
16 481.800 7 -41.100 443.7 405.100 -83.600 305.400
18 563.200 515.000 28.200 546.900 505.700 5.600 1005.200 473.700
20 711.900 643.500 671.200 619.100 1108.500 1047100 633.000
22 796.300 744.200 785.400 740.300 1234.500 1130.500 710.800
24 012200 856100 915.000 853.500 1355.000 1227.000 801.900
26 10462300 9£85.800 1025.400 975.200 1458.000 1320.200 948,
28 1142.500 1109.900 1117.200 1089.100 1586.100 1458.100 104 0
30 1251.400 1199.600 1269.100 1209.000 1624.200 1621.500 1174.400
32 1367.000 1328.2300 839.900 1289.200 1235.500 1817.600 1689.100 1312.700
34 1478.000 1406.100 912.400 1494 400 1441100 963.600 1915.600 1853.800 1451.300
36 1606.600 1546.100 1063.200 1603.900 1554.200 1072.500 2023.600 1967.200 1586.300
a8 1722.200 1 1193700 1735100 1674600 1207.900 2144.200 208! 0 1626.500
40 1242.000 1771.700 1293.200 1852.500 1813.500 1348200 2244600 2224700 1704.200
42 1960.500 1851.2800 1418.900 1940.200 1892.100 1400.500 2390.900 2280.500 1823.800
44 2082.300 2023.800 1558.100 7 2004.2300 1514.100 2521.400 2328.200 2019.000
46 2170.400 2135.900 1640.800 2126.600 1523.800 2597.200 2564.600 2142.200
48 1740.800 2282.800 2240.300 1745.2300 2744100 2600.800 22117
50 2368.400 1898.200 2412.300 2351.100 1268.900 2812.900 2812.500 2302.800

Four (4) Input Variables and One (1) Lags

AlC
2 -248.200 -257.800 -676.200 -236.600 -230.500 -645.200 132,200 -0.200 -450.300
4 196.800 24.500 -332.900 201.900 96.800 -315.300 564.400 488.700 £62.700
6 -219.300 -939.100 -1361.300 -826.100 -913.900 -1343.000 -449.400 -513.400 -921.300
8 -575.400 -620.700 -1103.200 -581.400 -1102.200 -206.300 -272.000 -745.100
10 -521.300 -627.200 -1052.600 -529.600 -1039.000 -143.600 -226.000 -693.200
12 -499.300 -608.000 -1036.700 -501.900 -999.100 -143.300 -159.200
14 -486.400 -580.800 -1011.200 -480.900 -1007.500 -115.200 -161.500
16 -466.600 -921.200 -486.300 -1005.500 -94.500 -176.400
18 -463.200 -996.600 -1005.600 -105.600 -135.200
20 -466.700 -1017.900 -986.200 -69.700 -212.100
22 -464.200 -1013.000 -983.500 -196.500
24 -463.300 -1012700 -545.900 -982.900 -187.200
26 -457.900 -1006.500 - -539.600 -972.600 -200.500
28 -458.500 -1003.400 -450.300 -541.400 -196.800
30 -457.000 -1008.200 300 -543.500 - -207.600
32 -455.300 -1011.300 55.100 -556.200 -089.800 -143.000 -
34 -455.200 -1005700 900 -549.000 -982.600 -175.800 -609.400
36 -449.000 -978.000 -544.000 -990.200 -153.300 -641.500
38 -454.700 -998.600 -545.600 -986.500 -148.800 -582.200
40 450, -1000.800 -543.800 -978.300 -197.000 -584.400
42 -445.600 -978.500 -544.100 -985.200 -145.000 -592.400
44 -443.300 9.000 -555.500 -088.800 -134.700 -532.200
46 -458.900 -528.300 -971.700 -444 400 -553.200 -982.100 -116.500 -619.300
48 -451.100 -552.900 -989.000 -448.500 -545.600 -979.000 -142.600 -623.400
50 -447.900 -549.700 -923.100 -440.600 -520.300 -955.400 -145.500 -585.400

BIC
2 -342.100 -351.800 -770.200 -330.500 -324.500 -739.200 39.300 -94.100 -544.200
4 -272.600 -224.900 -802.400 -267.600 -372.600 95.000 19.300 -400.700
6 -208.600 -328.400 -750.600 -215.400 -303.200 161.300 97.300 -310.600
8 -139.400 -244.700 -667.100 -145.400 -237.800 164.000 -309.100
10 -179.000 -604.400 -81.400 -156.300 222.200 -245.000
12 -115.900 -544 700 -9.900 332.800 -215.200
14 -33.900 -464.200 56.100 385.500 -35.600
16 45.500 -374.200 120.700 41.200 430.600 23700
18 96.200 -326.900 193.100 101.900 564100 534.500 101.500
20 147.800 -283.600 265.400 181.400 . 664,600 522.200 83.400
22 219.600 -213.100 329.600 255.300 -183.600 731.600 603.400 215.500
24 -146.400 400.600 320.400 -116.600 798.900 679.200 273.100
26 -73.200 473,600 393.700 -392.400 £72.500 732.700 329.900
28 -2.800 550.300 459.200 322,400 940,800 803.800 360.300
30 60.100 609.000 524.800 28,600 1012.900 860.700 447600
32 580.900 124,900 681.100 146.400 1063.200 993.200 585.800
34 749.100 198.600 750.400 221.700 1144.500 1028.400 594.900
36 823.600 294.500 . 2582.400 1206.200 1119.200 631.000
38 856.300 342.300 795.300 354.400 1274.600 1192100 7558.700
40 858700 957.500 865.600 1358.500 1212.400 825.000
42 1022.400 g 1020.000 933.800 1412.000 1323.000 885.600
44 1103.200 994.900 1097.900 991.100 1478.500 1411.900 1014.400
46 1156.500 1087.000 1170.900 1062.100 1526.600 1498.800 995.000
48 1223.000 1121.100 695,100 1235.600 1138.500 705.100 1619.500 1541.500 1060.700
50 1305.000 1203.200 769,800 1312.200 1223.600 7! 00 1690.400 1607.400 1167.500
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Two (2) Input Variables and Four (4) Lags

AIC

2 406.600 428.600 -26.000 442.500 54.300 816.100 721.900 246.200
4 -593.600 -568.500 -1028.900 -536.900 -934.400 -198.300 -236.300

6 -502.300 -858.900 -120.500 -179.400

8 -510.200 0 -864.900 -1 00
10 -498.600 -986.500 -669.300 -174.200
12 - -533.500 -1024.100 -896.800 -122.600
14 -501. -502.300 -982.900 -864.800 -180.000
16 -496.900 -514.200 -990.600 -842.800 -154.400
18 -484.800 -522.800 -929.300 -420.300 -815.100 -163.600 -558.800
20 -464.500 -503.400 -986.100 -424.200 -837.300 -169.700 -633.900
22 -481.500 -495.600 -963.700 -373.600 -800.300 -153.900 -595.400
24 -524.900 -1018.900 -433.000 -828.700 -103.200 -515.500
26 -546.600 -1031.400 -452.300 -862.700 -101.400 -547.000
28 -520.800 -1021.200 -388.400 -822.500 -138.200 -560.000
30 -541.400 -1017.600 -8234.200 -136.900 -582.900
32 -533.800 -1013.300 -832.300 -169.600 -585.400
34 -543.800 -1034.900 -891.800 -14 ]
36 -1032.100 -920.200 -154.700
38 -979.100 -895.000 -151.800
40 -1023.800 -898.800 -116.200
42 7 -1037.900 -903.500 -170.000 -566.000
44 -434.600 -998.500 -470.000 -919.200 -168.300 -514.200
46 -500.100 -1048700 -434.400 -904.600 -110.900 -518.900
48 -502.300 - -1032.900 -421.800 - 100 -45.600 -174.500 -518.100
50 -476.300 -522.500 -985.100 -442.100 -867.300 -45.000 -174.300 -588.400
2 -302.200 -280.200 -734.800 -266.300 -235.800 -654.500 107.300 12,100 -462.600
4 -160.300 -135.100 -585.500 -103.500 -93.900 -501.100 235.000 197.100 -324.700
6 -11.800 -449.500 75.000 27.000 -349.400 389.000 330.100 -210.200
8 112.900 -356.100 184.000 179.600 -230.400 544.600 456.000 -1700
10 249,700 -215.900 504.700 336.600 101.400 693,200 596.500 117.7

12 393.300 -113.200 443.300 456.600 14.100 816.400 788.300 315.200
14 551.700 550.900 70.300 G03.800 614,600 155.400 981.500 873.200 465,800
16 699,800 £52.500 206.100 745.500 7581.800 353.900 1130.100 1042300 626,700
18 856.100 B15.100 351.600 920.600 925.000 525.800 782100
20 991.100 952,200 499,500 1061.300 1060.000 645,300 £51.700
22 1149100 1135.000 666.900 1257.000 1192.000 830.300 1570.400 1035100
24 12 0 756.900 1342.900 1368.000 947 100 1688.100 1672.600 1160.400
26 1426.400 £89.6800 1468.900 1499.600 1058.500 1824.700 1819.900 1374.200
28 000 1045600 1678.500 1622.900 1244.300 2004.400 1928600 1506.800
30 1671.100 1194.900 1796.400 1786.900 1378.300 2150.000

32 1224.500 1345.000 1953.800 1922.300 1525.900 2308.100

34 2001.800 1960.200 1469.200 2048.300 2057.400 1612.200 2447 2355.300

36 2153.400 2103.900 1617.200 0 2190.300 1729.800 2596.300 2495.300 2021.300
38 2319.400 2283.700 1816.700 2368.100 1900.800 2742.100 26544100 2250.900
40 2443.900 2408.400 1918100 2428.500 2043.000 2871.900 2825.600 2341.500
42 2520.500 2528.900 2049.900 2524.400 2184.300 3040.300 2917.900 2521.800
44 2749.200 2711.100 2235400 2777.800 2763.900 2314.700 2126.000 2065.600 2619.700
46 2879.900 2823.200 2331.200 2901.900 2845.600 2475.300 3308.800 3269.000 2861.000
48 32023.700 2990.200 2493.100 2062100 2104.200 2548.900 2420400 2351.500 2907.900
50 2195.800 3140.600 2677.000 3238.900 2220.000 2204200 2627.100 2497.800 3022.700

Two (2) Input Variables and Two (2) Lags
C

2 -243.500 -281.400 -728.800 17.900 -211.700 161.800 49700 -395.600
4 -4779.900 -4751.800 -5204.100 -4699.600 -5114.800 -4374.300 -4462.200 -4942 100
G -548.900 -7 11.800 -1169.000 -584.800 -996.300 -228.700 -354.800 i

8 -606.600 -1072.300 -491.600 -885.900 -133.600 -279.700

10 -576.200 -1036.700 -460.600 -871.400 -107.100 -225.800

12 -997.200 -44.3.000 -549.900 -115.600 -154.100

14 -1005.100 -469.000 -903.000 -106.200 -142.300

16 -1016.400 -431.200 -847.800 -86.500 -162.800

18 -1004.600 429,200 -850.600 -70.700 -187.800

20 -1008.400 -426.800 -871.000 -67.300 -182.900

22 -995.400 -420.600 -841.800 -67.600 -172.800

24 - -996.100 -841.100 -90.000 -119.900

26 -502.100 -1019.600 -835.800 -168.600

28 -480.300 -1008.800 -951.100 -142.100

30 -479.000 -998.600 -862.600 -137.400

32 -538.300 -999.500 -852.800 -50.500 -120.800

34 -994.400 -924.300 -56.900 -170.600

36 -1001.800 -918.600 -55.800 -605.500
38 -973.400 -886.000 -59.500 -599.900
40 -1032.700 -930.000 -52.600 -584.800
42 -998.500 -866.500 -66.900 -518.000
44 -993.400 -912.400 -57.900 -561.100
46 - - -983.700 £ -46.600

48 -464 -534.000 -991.700 -516.200 -48.300

50 -469.200 -520.200 -926.900 -452.900 -50.400
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BIC
2 -355.000 -382.900 -137.400 -93.600 -323.200 50.300 -61.600
4 -276.800 -248.800 -225.500 -196.500 -611.700 128.800 40.900
[ -197.100 -259.900 -150.200 -133.000 -544.500 223.100 97.000 .
8 -121.000 -162.000 -48.800 -47.000 -441.300 311.000 164.900 302,600
10 -31.000 -78.400 -539.000 18.500 37.100 -373.700 390.700 272.000 143.600
12 52.900 20.500 -431 110,800 123.500 -283.400 450.900 412.400 24,800
14 149.600 85700 -363.600 i 172.600 -261.400 535.400 485.300 59.600
16 223.600 164.000 -296.500 288,600 -128.000 633.300 557.100 £6.800
18 210.400 253,100 -204.700 370.700 -50.700 729.200 512.100 209.900
20 390.600 337.000 -127.2300 418.300 454,400 10.200 813.800 274.500
22 484.600 421.400 516.300 542600 121.400 895.600 344.800
24 566.600 505.700 G00.500 G26.200 204.600 055.700 445,400
26 626.500 589.600 628.600 711.600 292.900 1065.200 562.300
28 721.600 573.000 753.500 260.800 1140.000 552.900
30 816.300 756.700 845.800 431.700 1222.900 719.100
32 900.500 840.600 951.400 525.100 1298.400 704.200
34 9582.900 931.800 996.900 535.400 1405.900 860.000
544.800 1055.800 625.000 1490.800 941.200
38 657.200 1177.800 1182.900 744.600 1571.100 1474.400 1020.700
40 1225.000 651.900 1261.800 1224.900 784.700 1662.100 1529.200 1129.200
42 1324.200 800.300 1363200 1264.000 932.300 1721.900 1664.000 1180.700
44 1406.900 889.600 1424.200 1419.800 969.600 1825.000 1720.000 1321.900
46 1495.100 983.500 1521.400 1532.900 1095.200 1920.600 1383.800
48 1582.400 1059.800 1589.800 1535.200 1086.400 2003.200 1464.900
50 1666.500 1606.000 1149.000 1712.100 1671.900 1260.600 2085.500 1555.700
Two (2) Input Variables and One (1) Lags
AIC
2 -275.200 -691.100 -234.500 -252.100 0 101,800 2.000
4 -230.000 -652.500 -53.900 -104.300 -472.700 238.200 150.900
[] 3890.300 3791.500 3361.300 3936.500 3918.800 3535.100 4266.800 4200.500
8 -764.200 -866.400 -1294.100 -719.200 -749.800 -1132.900 -384.600 -465.500
10 -580.600 -684.700 -1120.200 -541.600 -555.200 -G33.100 -210.300 -299.600
12 -536.400 -638.100 -1065.000 -501.200 -G06.500 -147.000 -270.900
14 -515.700 -513.900 -1048.200 -496.800 -002.300
16 -502.300 -601.400 -1037.900 -444.000 -834.100
18 -488.200 -1021.000 -444.300 -841.900
20 .900 -1024.700 -431.600 -828.600
22 - -995.200 -451.100 -871.200
24 -469.100 -1006.000 -430.600 -834.600
26 -463.100 -986.300 -445.000 -899.800 -544.800
28 -908.600 -446.200 -866.400 -189.100 -520.400
30 -999.200 -422.400 -426.200 -818.800 -189.400
32 - -990.100 -424.400 -4 -877.000 -159.700
34 -454.200 -929.300 -440.500 -914.500 -183.000
-449.000 -991.800 -440.200 -855.200 -158.500
38 -454.100 -5 -993.000 -440.100 -843.200 -164.100
-455.800 -5 -1004.100 -435.100 -885.000
42 400 -564.700 -999.000 -428.100 -833.000 -63.000 -565.000
44 -450.800 -544.000 -974.600 -415.400 -836.200 -55.400 -635.200
46 -446.200 -542.500 -969.300 -432.500 -835.400 -59.900 -626.500
48 -449.600 -556.200 -987.200 -451.800 -898.100 -64.000 -592.700
50 -44.3.400 -554.300 -979.800 -430.200 -882.800 -53.100 i
BIC
2 -356.100 -360.700 -776.600 -320.000 -7 17.200 16.300 -571.200
4 -309.000 -400.800 -823.200 -254.600 -643.400 57.400 -399.100
5] -262.200 -361.100 -791.200 -216.100 114.200 -475.600
8 -206.300 -308.500 -736.200 -161.200 173.200 -218.600
10 -150.200 -255.400 -620.900 -102.200 220.000 -322.200
12 -97.800 -199.500 -626.400 -62.600 291.500 -260.200
14 -50.100 -148.300 -582.600 -31.200 326.300 270.900 -208.600
16 1.300 -97.800 -534.300 59.600 -330.500 402.800 262.300 -144.200
18 58.800 -41.600 -474.000 102,600 -205.000 447.300 3458.200 -120.200
20 115.400 -1.900 -431.400 161.700 -235.400 490.600 427.800 -22.400
22 74.900 70.100 -353.600 190.500 .000 -229.600 556.800 450.900 -43.100
24 00 116.400 -314.900 251.500 .900 -143.500 614.200 492.500 -12.900
26 400 183.400 -244.800 296.600 253.800 -158.300 651.900 96.800
28 335.800 218.800 -206.000 346.400 340.500 -73.900
30 385.400 273.700 -155.100 421.700 418.000 25.300
32 439.700 335.200 -94.100 471.600 416.800 19.100 7
34 387.600 -41.100 507.700 448.000 33700 883.000 324.600
36 433.300 £.800 560.400 562.800 145.400 930.500 469.200
38 5¢ 490.900 60.200 613.100 627.700 209.900 985.600 406.300
40 650.200 535.800 101.900 670.900 633.900 221.000 1010.900 995.300 506.100
42 703.500 159.800 730.800 733.300 32 1085.900 991.200 593.900
44 751,100 237.300 796.500 770.900 1156.500 1019.800 00
46 £18.800 295.700 832.400 846.800 429.600 1205.000 1093.300 6358.400
48 £58.500 330.900 866.300 854.400 420.000 1254100 1161.700 725.400
50 927.900 817.000 321.500 932.200 910.300 4588.600 1318.200 1183.400 800.600

Table E19: NN Model for Office Return and Office Return Deviation
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Four (4) Input Variables and Four (4) Lags

Linear Function Logisﬁc Function 1 Softmax Function
No. of Neurons | Return | Deviation [ Covariance | Return | Deviation [ Covariance | Return | Deviation | Caovariance
AlC
2 -248.200 -BE7. 3“” -1318.500 -877.800 -B23.600 -1305.800 -434, 3|||| -5E9, 200 -1009.600
4 ! -1030.200 800 -612.300 -1092.800 ! -713.400
G -1009.400 400 -556.100 -1037.100 -627.700
8 -1002.500 08.800 -534. 3|u| -1022.000
1 980.800 - 700 1008900
12 -484.100 -513.900 -1073.200
14 -484.100 -517.700 -1089.600
16 484 700 -1002.100 -501.00 -1035.500
-486.800 -1015.200 -510.700 0 -1056.200 . 2 i
P -500.100 -104E.700 -476.200 -528.800 -293.400 -6, 800 -570.700
P -485.400 9100 09,200 -544 800 -1042 200 -46 500 -584.900
24 -488.300 -995.600 100 -543.800 -1031.800 -52.600 -643.200
2 496.900 -1014.200 -566.600 -1081.200 -43.300 -600.300
4 -994.000 -1058.600 -41.100 -631.900
-490 -1018.400 -1056.900 -46.800 -593.300
4 -1017.300 -1070.200 -43.100 00
4 489.500 -548.600 -1033.200 -1080.500 -37.800
-494 800 -527.800 -1014.500 11,900 -107 1.500 -43.900
-498.800 -544.800 -1035.700 -482.200 -1011.400 -46.000
4 -507.400 -556.800 -1061.300 -506.400 -1050.800 -38.700
42 -497.100 -556.800 -104E.400 - .9 -1072.100 -358.100
44 -498.400 -546.400 -1037.800 -498.900 -1031.300 -41.100 -607.700
4 -501.100 - -1042.500 -508.100 -1055.100 -37.300 22 -631.600
4 -489.500 -1032.300 -501.200 -1044.100 -47.300 -167 -562.700
-483.500 -1024.000 -488.300 -10123.600 -57.200 -118. THH -582.700
Bl
2 -237.500 -707.800 -267.100 595.100 41.500 -298.900
4 -54.600 538, II_H_I 6.800 274.700 -221.400
5] 146.300 300 526.000 42,100
8 357100 332100 -155.700 784.500 711.300
i 563.200 540.400 50.400 Q98500 Q03,200
12 778.400 £94.400 199.300 208.000 107.000
14 993.900 7.90 960.300 910.000 408.300 419.500 302.800 BE6.300
1 199.400 151700 133.100 134.500 £48.600 592700 580700 108.800
1 393.300 358.500 379.900 331.100 833.900 831.400 732.100 290.000
2 597.400 541.800 10‘0 QOO £21.300 568.700 1104.100 2030.700 9E2.500 526.700
22 15819.100 1779.000 305.400 1795.300 1759.800 262.300 2258.100 2107.100 1719.600
24 2023.500 1994.100 516.100 2012.600 [ 479.900 2459.200 2342.500 1868.500
2 2191.300 704.900 2194.200 2 800 2515.600 2118.800
2 2410.200 932.5 2417.500 2 400 2708.400 2294.600
2643, 000 2597.100 2115.500 2629.100 3 100 2949.900 2540700
32 2850.000 2806.400 2324 200 520.500 2298.400 3141.600 2711.100
4 3059.500 3000.500 2515.900 3054.400 3511.200 32317.000 2916.600
3261.900 3228.900 200 3244.800 37 12.800 3126600
3465600 3419.600 2928.600 3427 000 3918.300 3344.100
4 3664.700 3615.300 3110.700 3620.700 3121200 4133.400 33‘1 500 3551.100
4 3882600 3822.900 3332.400 3813.500 3301.600 4341.600 4158.400 3778.800
44 4089.000 4041.100 3549.600 4048.300 3556.200 4545.400 4386.100 3979.800
4 4294.100 4247 £00 3752700 424221 3740.100 4757.900 4183.600
4 4513.400 4454 500 3970.600 4 3958.800 4955.600 4440.200
4727 .200 4662.800 4186.700 4650.300 4197.100 51423.500 4618.000
Four (4) Input Varlables and Two (2) Lags
Al
2 -129.100 -116.700 -574.400 -135.200 -288.000
4 -716.300 7 -1187.600 706600 - 5 -871.200
] -560.400 - -1105.700 300 -1089.200 -6283.600
8 -5 -1024.300 -480.600 -1000.700
1 -5 -1014.300 512 -1041.300
12 -5 -8R7.400 -489.2 9|||| -991 500
14 0o -5 -1017.300 -482.600 -999.800 658,700
1 -486.400 -5 -494.700 -1007.000 -661.700
18 -480.400 -5 -992.400 -471.800 -1000.900 -613.500
2 -4 [ -5 -1006.500 -462.400 -069.600 -596.300
22 -482 -5 -1006.000 -467.600 -989.700 -£6.900 00
24 -475.800 -539. -998.600 -479.000 -1019 700 -54.400
P! -479.200 -541. -468.100 £ 0 -51.600
P -47 00 -538.600 -468.400 -51.100
-469.100 -523.900 -462.100 -66.000 ; 0
2 -475.400 -537.400 -1002.000 -464.700 -9BE BHH -70.500 -620.800
4 -470.100 -543.600 -1002.500 -467.700 -1002.500 -51.300 -586.100
-475.600 -5 [ -1005.700 4 0 -964.000 -£9.700 -568.300
-474.400 -5 -1008.600 -460.500 -077.400 -537.000
40 472600 -5 -461.800 -1004.600 -624.400
42 -471.700 -5 -467.300 -1009.400 -5
44 -47 -5 -465.400 295 300
E 47 -5 “081.200 468,300 ~008.300
4 -471.000 -5 -1014.200 -457.300 -979.900 -565.700
-472.100 -540.700 -1002.900 -469.100 -1022.600 -564.100
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BIC
2 -324.100 -781. EHH -769.700 4'4 500 -495.400
4 -234.600 -54 -741.400 -376.100
6 -190.900 65 -621.000 -235 400
8 -41.800 496, 4HH 472, SHH -131.100
75.800 -386.70 [ -13. 100
2 221.200 -233.600 0 i
4 288, ’-\HH -173.100 361.600
-31.900 00
000, 100 454,800
103.900 585.200
228.400 137 300
4 355.000 214.100 764.000
9.000 360.100 937.900
28 A 1095.800 1439.900 1026. 900
200.200 214.700 509.000
2 440 300 402.900 335.400 735.500
4 438.900 514.800 436.800 £868.900
1091 700 £46.900 574100 1133 r00 968.300
732,100 1203.900 752.000 587.100 1235.100 2085.600
1855.000 1777 200 314.800 1778.600 323.000 |
2 1971.000 1907.700 444.800 - 1893.800 433.200 2279.000
4 2083.500 2013.900 548,100 9039 400 2021.300 562.500 2241.200 53,
2202.700 2152.200 £91.500 2204700 2134100 E74.600 DGOF\ 500 2540.800 2104.200
2317.200 2238.500 774.000 2330.900 55, £08.300 2736.100 2623.100 2222.500
2431.400 2362.700 599.500 2434300 9 341.000 S580.900 2512.300 2510.000 2339.300
Four (4) Input Variables and One (1) Lags
AlC
2 -250.100 -256. 000 -256 800 582 500 -5 900 452 500
4 [ -336.700 496.1 12.200
G -8 -1380.600 - -1029.400
8 -574.1 - 03‘ 900 -1117.700 09.70 -774.100
10 -514.400 -1032.000 -1086.500 -149.300 -733.900
12 -490.200 -1046.800 -105.400 -598.700
4 ' -1036.700 -127.900 -582
-1015.600 -90.200 -626.
-1006.500 -74.300 -E77
-1014.600 -72.100
-4 -1010.700 -57.500
I 447 “906.100 74,600
-4 -994.000 -£9.900 -178. F\HH
-4 -994.100 -66.600 -180. quu
-440 -1000.600 -57.900
-4 -991.600 £3.800
4 -437 -51.100
36 437 -76.200 614, OI_H_I
-4 -74.500 -558.100
-4 .90 -534. SHH -51.300 -621.900
-435 800 -531.100 -54.300 - Ef.?l_ll_l -618.200
4 -434.600 -464.700 -537.000 -72.600 -132.400 -550.800
-433.000 -458.100 -533.300 -83.000 -117.000 -611.800
48 -432.80 - -451.800 -532.200 -65.700 -147.400 -607.000
50 -433.400 -967.200 -447.700 -521.600 -967.300 53,500 -150.700 -530.700
Bl
2 -344.000 -771.200 -350.000 -350 BHH -776.500 34.900 -88.000 -546.400
4 -273.400 -794.300 -286.200 -806.100 &7.600 26.700 -457.200
5 -204.800 -719.200 [ 769, 163.800 -418.700
8 -138.100 00
43 800
18
v 176100
4 I_Il:l_ I_I I_I
-45.800 2?6.4'.“.'
19.800 284.000
5 105,500 £7 700 010.400 353 433.000
2 £00.000 167.600 144.600 72.400 958, BHH 484,600
¥ 671100 243600 204 200 42,100 022 400
740.400 315 "-\|||| i 0E5.300 135.000
211.500 385, 500 205.400
280.600 434.500 4’5’-\ 100 200.800
2 944,200 00 014 700 413700 321.300
4 018.100 rau 400 081.900 009.600 474.000 414.200
52.300 082.500 553,200 157.200 082.000 532.400 492.300 003. r00
251.300 155.800 g 151.900 518.400 536.600 077.100
319.500 216.100 40‘ 200 231.300 £39.400 £02.200 172.200
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Two (2) Input Variables and Four (4) Lags
Al

2 -356.000 -30.100
)
G
8 .
1 -102.100
12 -57.700 -?4LI 50
14 - -66.300 -177.100
1 -4 6].?'.”.' -59.300 -189.400
1 428,200 -56.500 0
20 -462.100 -498, GI_H_I -46.600
22 -450.300 -400, ||||| -71.600 -547.100
24 -458.500 0 0.000 -43.700 -637.900
2 -446. 4'_”_' -43.400 -647.700
2 4 -44.700 -248.400
-4 3‘ -42.700 -£43.700
2 4 -442 4|||| -934 BLILI -117.500 -B41.400
¥ 4 i -040), F\|||| -213.800 -B45 T00
4 ¥ —o21.80 S530.000
- -154 -E30. 0|||'|
4 -4 -240 2 9||||
4 -457 -102.400
44 -437.300 347 l'"' -211.200 -543.400
4 -458.800 -221.500 -635.800
4 -446.900 -5 -168.80 -214.100
454 100 -978 F|||| -82 000 -100.100 -B32 B00
A 306,900 743 8|||| 274400 106. guu 485,000
4 143 100 0 -173.600
6 -18.200
8 121.400
10 271.300 GRT.G00
12 3 r00 00 253, 2L"_'
14 - —
1 5 007.200
274 400 187 700
2 023, 500 965, 029. 400 387 OHH 439.000
2 180,300 1108.100 196.700 1140.500 559.000
24 317.200 1252.500 312.800 1294.400 732.100
2 474.800 454.800 418.800 1877.900
£14.800 548.000 £13.800 581.500 139, r-~00
759.400 £90.300 750.700 707.200 256.000 897
S901.400 233100 915.900 254,200 2240.800
4 2051.100 989.500 2049.200 2007.000 94Gl 000 2290.300
36 2193.500 2129.100 1681.000 2194.900 2161600 17 l 5 900 2608.500 2428200 9010 000
2339.300 2281.300 1833.200 2340.700 2299.000 1854.100 2741.400 2636.100 2165.800
4 2456.000 2415400 1966.100 2495100 2452400 2021.700 2904.300 2701.700 2296.800
4 2630.500 2564600 2115.500 2646.300 2607.200 2175.200 3005.700 2985400 2467 300
44 96.600 2741.800 2311.800 2782600 2729.400 2 700 3192.300 3022700 2590.500
4 2021.200 2848200 2394.200 2025.000 2885.600 2439.800 3340.200 3158.400 2744 200
48 3079.200 3020700 2580.500 3099.600 3045.300 2627.500 3475.800 3357.200 2911.900
50 3212.100 3140700 2692.600 3238.000 3194.200 2768.800 3590.100 3572.100 3039.500
Two (2) InEut Variables and Two (2) qus
Al
2 -242.700 -258.100 -704.900 -223.900 -224.400 -650.200 163.900 30.000 -432.2300
4 4769, 100 -4817.300 -5258.700 -4773.700 -4799.400 -5245.200 -4488.200 -4930.400
] -654.300 -1097.200 00 -E73. IIIII -1119.100 -373.90 -219.600
8 -564.900 -993.100 -1004. 400 -177.600 -718.000
10 -1018.000 -289.500 £91.800
12 -101‘100 -689
14 -B6E5.900
1 -672.400
1 -243.000
2 -547.000
22
& -530.700
-9 3 r—.|||| -120.400 -EEE6.000
-931.400 -168.800 -639.300
4 -233.800 -545.600
4 - -163.800 -617.100
44 456400 951.2300 X _124.400 553,200
4 -462.800 -979.700 - 00 -59.100 -157.500 -630.100
4 -454.100 -961.900 -4-574HH 396 '3\|||| -76.300 -118.200 -645.400
-458.000 -971.300 -447.100 -930.300 -72.700 -122.500 -608.100
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BIC
2 -335.400 -761.700 52.400 -81.500 -543.800
4 -270.E00 0] 134, 4||\| 14,900 -427 200
6 -185.100 77.900 -367. Pum
8 -104. 600 2E7.000 i
-14.000 i
p ‘4 600
937
24 44 500
2 168.100
28 1112.000 1105, 900
248,800 042.400
2 294,600 258.600
4 : 348.200
1024, c!00 1036.100
o 1121.200 1179.400
4 259.300 182700 251.400 223.000 r-.?o 200 4‘!0 300 069.100
42 341.400 346.500 317.600 740.200 £35.000 181.700
44 426,600 75 900 427.500 394.400 S028.700 758,600 229.700
4 504.400 443,300 518.100 459.400 509700 337.100
4 597.400 531.400 504.100 5598.900 .2 933.300 406.100
577.500 £12.900 552,700 £40.400 _Of-._ 100 2013.300 527 700
2) Input Variables and One (1) Lags
AlC
2 -261.700 -314.200 -726.000 -270.400 -317.900 -734.100 116.700 -83.000 -489.000
4 -119.500 -160.900 -575.300 -138.400 -200 -632.100 233.100 153.000 -247.400
[§ 3912.700 3828.400 3412.300 3904.900 3454.100 4271600 4182.300 3693600
8 -744.300 -836.900 -1257.400 -764.800 -1264.900 -401.000 -442.000 -963.500
10 -571.300 -656.200 -1073.800 -503.200 -1077.900 -187.700 -446.700 -793.100
12 -518.300 §.800 -1033.800 -537.500 -1026.400 -143.100 -300.200 -?32 900
4 00 -1010.400 -510.100 -998.600 -160.800 -169.600 )
-986.000 -483.700 -956.500 -96.600 -282.600
076, 3|||| -490.000 -91.800 238, 0\_||_|
2 -964.700 -478.300 -101.100 -175
F -5 0 u53 200 457 400 -31.600 -21 1 4uu
24 -538.800 -466.300 -74.600
2 -536.600 -463.900 -£4.400
-533.500 -464.300
530,700 -461.000 -122 guu
528,800 461 500 -260
4] -527.100 - I -461 500 ] -247. 3\_II_I
36 -527.200 947 100 468,100 -969.200 176,100
-524 800 -953.800 459 500 -957.100 -225700
4 -524 700 -054 200 - 0 -9E1.200 -130.200
4 -517.700 -947 600 -437 500 -927.200 -267 600
44 -522 600 -042.000 -443 300 -915 600 -218.500 -551.400
4 -518.800 -042 -443100 -927.000 - -547 600
48 -520.700 -443 600 506.7 -941.000 -190.200 -538.200
50 -522.100 -437.500 -508.100 -937.100 -119.100 -564.200
Bl
2 -399.700 -355.900 -403.400 -8109.600 31.200 -168.500
4 -331.700 -309.100 -371.300 02.900 52,300 -17.700
[ -247 700 00 119.000 29.700
8 -206.900 157.000 115.900
-131.900 -153.800 00 -7.400
2 -79.700 -171. SHH -95.900 138.400
4 -28.700 -117.300 296.100
30.200 -64.600 991 000
18 54.600 -10.300 -137. OHH
2 138. IHH 45.800 0 -26.600
22 95,300 396 GHH -2 00 0 -30.900
24 245, 7.”. 152400 267. 175 00 253800 &16.600 A71.700 7200
2 207 c\m. 204 guu 223,700 212,700 &77.200 _af_r:\._u_. 70.900
2 272 718, 1..\. 137.200
313.4'.“] 383.100 328.500 260
2 0.400 367.200 434,600 381.800 - 243,
4 513.000 421.100 486, 430.600 1 7. 600 F\HS 000
569.100 473.400 532.500 481.700 31.400 932.800 P\_d 00
515700 528.500 593.700 540.000 96.100 998.000 827.500
4 BEE. 4'”' 59 144.800 1020.800 <
42 ( & 00 0 111.200 91.200
44 724.100 152.900 93.400
4 836.500 765.100 210.800 058.000
4 284.000 797 4HH 368,200 211.400 100 261.300 127.900
a41.900 249.300 424,900 333 F\I il 263.200 434,200 285700 252.200

Table E20: NN Model for Industrial Return and Industrial Return Deviation



180

Appendix F

Impulse response of optimal models for each return



1.1 Introduction
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This document presents the impulse response of the optimal model for returns and return
deviations. The plotted result is the output of the model subjected to a shock of 1 standard
deviation in each input and the effect is measured terms of a standard deviation unit.
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Figure F1: Impulse response of ARMA model for J255 return
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Figure F2: Impulse response of NN(AICc) model for J255 return
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Figure F3: Impulse response of NN(AICc) model for J255 return deviation
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Figure F4: Impulse response of ARMA model for J256 return
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Figure F5: Impulse response of GARCH model for J256 return
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Figure F6: Impulse response of NN(BIC) model for J256 return deviation
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Figure F7: Impulse response of NN(BIC) model for retail return
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Figure F9: Impulse response of NN(BIC) model for office return
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Figure F10: Impulse response of NN(BIC) model for office return deviation
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Figure F11: Impulse response of GARCH model for office return deviation
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Figure F12: Impulse response of ARMA model for industrial return



187

—— return

0.8 4| —=— dgilt-equity
manufacturing index

———— return deviation

0.6 i

0.2 A

0.4+ -

0.6+ -

Response change to an standard deviation unit
o

| | | | |
2 4 6 8 10 12 14 16 18 20
Period

Figure F13: Impulse response of NN model for industrial return
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Figure F14: Impulse response of NN(BIC) model for industrial return deviation



Percentage change in deviation

188

—e— J256
0.9+ - | —=—— Office return deviation

0.8 s

L
2 4 6 8 10 12 14 16 18 20
Period

Figure F15: Impulse response of variance function of GARCH models
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Appendix G

Schedule of M-files developed
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Appendix G
Schedule of M-file

M-file name | Description

ARMA and GARCH model

anaret.m Load the table with the return and return deviation data and calculates the statistical properties of each return/return deviation
anavar.m Loads the table with the independant input variable data and calculates the statistical properties of each variable
ARMAana.m Implements the optimal ARMA model for each output, calculates the result of the tast and load the result of the long prediction
ARMAanal.m Implements the optimal ARMA model for each output, calculates the result of the test and load the result of the 1-step ahead forecast
ARMAanaZ.m Implements the optimal ARMA model for each output, calculates the result of the test and load the result of the 2-step ahead forecast
ARMAana3.m Implements the optimal ARMA model for each output, calculates the result of the test and load the result of the 4-step ahead forecast
ARMAeval.m Calculated the mean of the error of each set of ARMA simulation and load the result for a 1-step ahead prediction.
ARMAevall.m Calculated the mean of the error of each set of ARMA simulation and load the result for a 2-step ahead prediction.
ARMAeval2.m Calculated the mean of the error of each set of ARMA simulation and load the result for a 4-step ahead prediction.
ARMAIMp.m Perform the impulse analysis of each ARMA model set of simulation and load the result
ARMAVD.m Perform the impulse analysis of each ARMA model set of simulation and load the result

autocoret.m

causedev.m

causeret.m

GARCHana.m

GARCHanal.m

GARCHanaZ.m

GARCHana3.m
GARCHeval.m
GARCHevall.m
GARCHeval2.m
GARCHImp.m
GARCHVD.m
infoARMA.mM
infoARMAZ.m
infoARMA3.m
infoGARCH.m
infoGARCH2.m
infoGARCH3.m

loaddata.m
PerformUniana.m
PerformUnianal.m
plotimpl.m
plotimp2m
plotimp3.m
plotimp4.m
plotimp5.m
plotimpé.m
plotimp?.m
plotimp8.m
plotimp9.m
plotimp10.m
plotimpll.m
plotimplZ.m
plotimp13.m
plotimpi4.m
plotimp15.m
plotres.m
plotres2.m
plotres3.m
plotresd.m
plotres5.m
plotrest.m
plotres?.m
plotres&.m
plotres1l.m
plotres12.m
plotres13.m
plotresld.m
plotres15.m
plotret.m
plotvar.m

Loads the output data from the table and plot the autocorrelation function of each output

Performs the granger analysis for direct and indirect return deviation and produce a table with probability value of the output and the
investigated independant input variables.

Performs the granger analysis for direct and indirect return and produce a table with probability value of the output and the investigated
independant input variables

Implements the optimal GARCH maodel for each output, calculates the result of the test and load the result of the long prediction
Implements the optimal GARCH model for each output, calculates the result of the test and load the result of the 1-step ahead forecast
Implements the optimal GARCH madel far each output, caleulates the result of the test and load the result of the 2-step ahead forecast

Implements the optimal GARCH maodel for each output, calculates the result of the test and load the result of the 2-step ahead forecast
Calculated the mean of the error of each set of GARCH simulation and load the result for a 1-step ahead prediction.
Calculated the mean of the error of each set of GARCH simulation and load the result for a 2-step ahead prediction.
Calculated the mean of the error of each set of GARCH simulation and load the result for a 4-step ahead prediction.
Perform the impulse analysis of each GARCH model set of simulation and load the result

Perform the impulse analysis of each GARCH model set of simulation and load the result

perform the information criterion test for the ARMA model for each output when the lag of the independant variables is 4
perform the information criterion test for the ARMA model for each output when the lag of the independant variables is 2
Perform the information criterion test for the ARMA model for each output when the lag of the independant variables is 1
Perform the information criterion test for the GARCH model for each output when the lag of the independant variables is 4
Perform the information criterion test for the GARCH model for each output when the lag of the independant variables is 2
Perform the information criterion test for the GARCH model for each output when the lag of the independant variables s 1

Load the independant variables, return and return deviation data onto a "mat"” file for Matlab consisting of input and the ouput tables.
Perform the error analysis of a multi step ahead forecast model based on the actual and predicted output
Perform the error analysis of a 1-step ahead forecast model based on the actual and predicted output
Plot the impulse response of the ARMA model for J255 return

Plot the impulse response of the NM(AICe) model for 1255 return

Plot the impulse response of the NM(AICe) model for 1255 return deviation

Plot the impulse response of the ARMA model for 1256 return

Plot the impulse response of the GARCH model for 1256 return

Plot the impulse response of the NN(BIC) madel for 1256 return deviation

Plot the impulse response of the NN(BIC) madel for retail return

Plot the impulse response of the NN(BIC) model for retail return deviation

Plot the impulse response of the NN(BIC) model for office return

Plot the impulse response of the NMN(BIC) model for office return deviation

Plot the impulse response of the GARCH model for office return deviation

Plot the impulse response of the ARMA model for industrial return

Plot the impulse response of the NN maodel for industrial return

Plot the impulse response of the NM(BIC) model for industrial return deviation

Plot the comparison of the impulse response of the GARCH model for 1256 return and office return deviation
Plot the predicted output of each model for 1255 total return

Plot the predicted output of each model for 1255 and 1256 total return

Plot the predicted output of each model for 1255 total return deviation

Plot the predicted output of each model for 1256 total return deviation

Plot the predicted output of each model for retail, industrial and office return

Plot the predicted output of each model for retail return deviation

Plot the predicted output of each model for office return deviation

Plot the predicted output of each model for industrial return deviation

Plot the predicted output of the GARCH model for 1255 return and deviation

Plot the predicted output of the GARCH model for 1256 return and deviation

Plot the predicted output of the GARCH model for retail return and deviation

Plot the predicted output of the GARCH model for office return and deviation

Plot the predicted output of the GARCH model for industrial return and deviation

Plot the return and return deviation of the analysis

Plot the independant input variables (determinants) of the analysis
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VAR model

VARANE.M

WARAnal.m

WARANaZ.mM

VARANa3.mM
VARtestl.m
VARtestZ.m
WARic.m

WARIc2.m
VARImp.m
PerformUniana.m
PerformUnianal.m

Implements the optimal VAR maodel for each output, calculates the result of the test and load the result of the long prediction
Implements the optimal VAR model for each output, calculates the result of the test and load the result of the 1-step ahead forecast
Implements the optimal VAR model for each output, calculates the result of the test and load the result of the 2-step ahead forecast

Implements the optimal VAR model for each output, calculates the result of the test and load the result of the 4-step ahead forecast
Perform the information criterion test for VAR models for each output when the number of variables is 4

Perform the information criterion test for VAR models for each output when the number of variables is 2

Calculate the AIC and BIC constant for a VAR model with 4 variables

Calculate the AIC and BIC constant for a VAR model with 2 variables

Perform the impulse analysis of each VAR model set of simulation and load the result

Perform the error analysis of a multi step ahead forecast model based on the actual and predicted output

Perform the error analysis of a 1-step ahead forecast model based on the actual and predicted output

NN (neural network) model

NMNARa.m

NNAnal.m

MNNARa2.m

NNARa3.m
NNtestl.m
NNtest2.m
NNtest3.m
NNtestd.m
MNMtast5.m
MNMtastb.m
MMic.m

NMNImp.m
MNMNVD.m
PerformUniana.m
PerformUnianal.m

Implements the optimal NN model for each output, calculates the result of the test and load the result of the long prediction
Implements the optimal NN model for each output, calculates the result of the test and load the result of the 1-step ahead forecast
Implements the optimal NN model for each output, calculates the result of the test and load the result of the 2-step ahead forecast

Implements the optimal NN model for each output, calculates the result of the test and load the result of the 4-step ahead forecast
perform the information criterion test for NN models for each output where there are 4 independant variables and a lag of 4.
perform the information criterion test for NN models for each output where there are 4 independant variables and a lag of 2.
perform the information criterion test for NN models for each output where there are 4 independant variables and a lag of 1.
perform the information criterion test for NN models for each output where there are 2 independant variables and a lag of 4.
Perform the information criterion test for NN models for each output where there are 2 independant variables and a lag of 2.
Perform the information criterion test for NN models for each output where there are 2 independant variables and a lag of 1.
Calculate the AIC and BIC constant for a NN model

Perform the impulse analysis of each NN model set of simulation and load the result

Perform the impulse analysis of each NN model set of simulation and load the result

perform the error analysis of a multi step ahead forecast model based on the actual and predicted output

Perform the error analysis of a 1-step ahead forecast model based on the actual and predicted output

Table G1: Schedule of developed m-files

Note:

These files need to be loaded in conjunction with the associated file for these modals in the work directory of the Matlab program, i.e. When
simulating the ARMA model, one neead to load the developed file and the associated file in the work directory






