
CHAPTER 6

APPLICATION OF RISK ANALYSIS

Applying risk analysis implies adopting simulation to aggregate

probabilities. The resulting simulation model consists of interdependent

and interacting elements. The system also might require incorporating

randomness within the model's structure, as implied by the Uncertainty

Principle of Modelling. As such, simulation models often become

generalised Monte Carlo procedures serving as mimics for the random

processes being modelled, with unknown distributions for the associated

random variables (Mihram 1972). The Monte Carlo method solves

mathematical problems using computerised random sampling from probability

distributions (Hammersley and Hanscomb 1964, Schreider 1966).

Simulation models often become generalised Monte Carlo procedures

(Mihram 1972), thus in applying risk analysis based on the latter, the

simulation framework is relevant. The distinct stages in the general

framework of simulation, as discussed by Anderson (1974) and as followed

in this study are as presented below.

6.1 The Simulation Framework 

6.1.1 System analysis

This initial stage consists of studying the system, that is, its

salient features and components and their interrelationships and modes of

behaviour. Definition of the system and its environment depends on the

simulation goals and plans expressed when simulation commences.

Modelling can start once the analysis to be performed has been explicitly

identified; i.e., methods of and criteria for model checking and model

analysis have been decided upon.
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The definition of the system and its environment have been presented

in chapters 4 and 5 and the features and components of the system are

described in following sections of the present chapter.

To consider explicitly the methods and criteria for model checking,

the steps include:

(a) debugging the computer program,

(b) checking the consistency of the model within the BCA framework

and the relevance and validity of the stochastic specification

of the various project variables, and

(c) validating the model, with respect to its proximity to reality.

These steps are discussed more fully in the description of the model

checking stage below.

For risk analysis, methods and criteria consist of various

experiments on the model by varying some of the underlying assumptions.

These results are subsequently compared with those obtained from the

deterministic approach using both IRR and NPV as criteria. The process

is summarised in Figure 6.1 and is now elaborated.

6.1.2 Model synthesis 

This stage is concerned with organising the system into a unified,

logical structure and consists of the stochastic specification and model

implementation phases. To specify the distributions of the stochastic

variable requires:

(a) a choice of variables considered to be sources of uncertainty,

(b) elicitation of subjective probabilities, and,

(c) choice of probability distributions.

The model implementation phase consists of a choice of a computer, a

programming language, and the subsequent implementation of the

synthesised model on the selected computer.
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To choose variables to represent sources of uncertainty, an initial

list was drawn up, based on publications and materials about the ORIA.

Information resulting from a visit to the project site confirmed the

original list and led to the inclusion of an additional variable. The

variables considered in the study are:

(a) yield of sugar and other crops,

(b) farm production costs for sugar cane and other crops,

(c) annual operating and maintenance costs,

(d) other costs, and

(e) cane transport, milling and sugar transport costs.

Estimates of the subjective probabilities, based on the specific

probability distributions chosen, were then used as inputs in the

computer program during the model implementation phase.

The program was written in Fortran IV and run on the University of

New England DEC-20 computer. It was based on the diagram of risk

analysis presented in Fig 3.1. A description of the subroutines and a

copy of the computer program are contained in Appendix IV.

6.1.3 Model checking

This stage involves two phases, namely verification and validation.

The verification phase enables enquiries into the adequacy with which the

synthesised and implemented model measures up to the objectives of the

study. This involves determining whether the model is internally correct

in a logical and programing sense. Once the model is verified, the

validation phase is aimed at ensuring that the verified model

sufficiently represents the modelled system, to justify proceeding to the

next stage of model analysis.

Since the present computer program of the model has incorporated

published and standard subprograms in the stochastic generation of

variates, these subprograms were considered to be verified. Therefore,

no statistical goodness-of-fit (tOF) tests (e.g. Kolmogorov-Smirnov one
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sample test or Chi-square test) were applied on the subprograms.

However, systematic runs were performed to uncover defects on the model

itself. Following Meier, Newell and Pazer (1969), the test runs

included:

1. running the model for a short time period and comparing results

with hand calculations,

2. eliminating random elements from stochastic models and running

them deterministically,

3. using other subprograms to confirm results indicated by other

subroutines, i.e., the subroutine JAIRR to derive IRR indicated

multiple rates of return in a test run. A published program

(Panton and Verdini 1981) corroborated the results indicated by

JAIRR.

Formal validation of the model using recommended procedures like

statistical GOF tests, e.g. the Kolmogorov-Smirnov, Mann-Whitney test or

'Turing-type' tests cannot be performed when the system does not exist

during the time of appraisal and reliable data are absent. This was the

case in the present study. Under these circumstances, validation or

testing the adequacy of the implemented model in representing the

modelled system was considered to have been done during the verification

phase. Anderson (1974) discusses the validity of this approach.

6.1.4 Model analysis

Once the model has been verified and validated, the model analysis

stage consists of various experiments with the model and a subsequent

interpretation of the results.

The experiments conducted with the model in this study are described

in this section but the results are presented and interpreted in the next

chapter.

The analysis of the model in this study consisted of:
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(a) variation of sample size and

(b) variation of discount rate.

6.1.4.1 Sammie size -

The variation of sample size was conducted to determine the minimum

size which may be considered acceptable for the purpose of the study.

This was done by adopting the conventional procedure of increasing sample

size until the CDFs remain stable (Pouliquen 1970, Reutlinger 1970 and

Kohli 1973). The model was initially run using a sample size of 50 and

increased progressively by 50 until 500 iterations were obtained.

6.1.4.2 Discount rate -

The discount rate may be treated as another stochastic variable in

risk analysis, as suggested by Ray (1977). However, this treatment might

lead to repercussions on some assumptions in BCA, i.e., a perfect capital

market such that other assumptions, e.g., on investment and savings, to

derive shadow prices and/or numeraire should be carefully considered.

These potential repercussions together with the magnitude of unresolved

issues surrounding the discount rate has invariably led to risk analysis

being applied with a deterministic discount rate, and this is the

approach adopted in this study.

The effect of using different deterministic rates was examined by

running the model with three alternative discount rates, 2, 5 and 10 per

cent. The former two are the recommended rates for social BCA (personal

communication, Sinden, J.A.). The latter rate is suggested by

international financial institutions such as the World Bank, and

specified in 0DM (1972).

6.1.4.3 Treatment of correlation -

Correlations between variables cause problems in risk analysis and,

although they are difficult to detect and even more difficult to measure,

they must be accounted for.
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In spite of the importance of explicitly accounting for correlation,

however, Hull (1981) cautions that, whenever possible, a detailed

modeling of correlation should be avoided. Nevertheless, he suggests

ways of accounting for correlation along the lines suggested by Pouliquen

(1970). Wong (1979) adopts two procedures from the literature he

presents. However, in the light of information gathered about the

project being investigated, the assumption of statistical independence

between variables is considered reasonable in this study.

6.2 Time Series Analysis and Simulation 

Mihram (1972) links time series analysis and simulation in viewing

the simulation model as a dynamic representation of an actual system

which therefore keeps track of the bc11,Aviour of the system over time.

The. dynamic, symbolic simulation model with stochastic nature call be seen

as a generator of realizations [Y(t), t'= 1,2 ...n] from a time series,

or stochastic process {y (t)). Consequently, the statistical tools used

in time--series analysis are applicable in determining the dynamic

behavio, of the simular response. The correlogram is ekTLciaily

suitable fOr the analyses that should accompany the verification stage Lc

model developmei)t. 	 HoweveL, Lime series methodology need not be

restricted to verifying a model (or its subroutines), but can also be

applied to the analysis of the responses arising from complete and

validated model. Finally, Mihram argues the value of applying time

ser'i.3s analysis in the process of building stochastic simulation models,

and ono can predict that ad hoc simulation languages will :ccomne

increasingly oriente .1 towards till7_,	 of mlalysis.

Time series analysis is applied in this study following the approach

used by Box and Jenkins (1976).

6.2.1 The Box-Jenkins approach

The use of parametric time series models for forecasting both

stationary and non-stationary series became popular following the work of

Box and Jenkins (1976). An elementary exposition of their approach is

given by Anderson (1976a), Pindyck and Rubinfeld (1976) and Nelson

(1973). Granger and Newbold (1977) and Granger (1980) are especially
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concerned with the forecasting aspect of time series analysis and discuss

some forecasting methods. Chatfield (1975) introduces many problems

encountered in time series analysis. Other introductory texts include

Kendall (1973) and Nerlove, Grether and Carvaiho (1979) who emphasise

economic time series. Additional materials recommended by Judge et al.

(1982) include Harmen (1970), Anderson (1971), Brilinger (1975) and

Fuller (1976).

The Box-Jenkins technique has been used in a number of studies

(e.g., Chatfield and Prothero 1973, Bhattacharyya 1974, Watts, and

Schmitz 1970, Ryland 1975, and Daub 1973 and 1974) and, while the

approach uses parametric models, it is essentially a sophisticated

extrapolation technique with the inherent shortcoming that the models are

not based on economic theory,

Revell (1981) expresses concern about this characteristic of the

Box-Jenkins models which were used by Gellatly (1979) in evaluating the

performance of alternative techniques for forecasting N.S.W. beef

production. He also suggests that alternative modifications of the

Box-Jenkins models reported by Bourke (1979) are possible and that there

is often a non-uniqueness in diagnosing Box-Jenkins models. Bourke

(1979) compares two methods and concludes that the Box-Jenkins models are

in general, marginally superior to the econometric method. However, it

may be considered that these models are substantially superior since the

econometric forecasts were produced under optimal conditions in that the

values of the independent variables used for all the forecasts are the

known ex-post values of these variables. In a practical forecasting

situation, these variable values would have to be forecast first,

introducing considerable error into the econometric forecasts. In the

Box-Jenkins models, only past prices are required for the forecasts of

expected values.

Conclusions on the adequacy of the forecast produced by the two

methods are more difficult since, to a large extent, this will depend on

the use to which the forecast is to be put. Subjectively, however,

Bourke (1979) concludes that the two methods performed adequately but not

spectacularly.
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Whether or not the methods considered are accurate enough for

practical forecasting situations will depend on the accuracy of currently

used methods. It should be noted, however, that in practice the

forecasts produced by these methods would be modified by the knowledge

and experience of the user, to arrive at a final forecast. Gellatly

(1979) suggests that there is some potential gain from combining

techniques to provide the final forecast value to be used by decision

makers.

The Box-Jenkins method has the following main stages:

(a) Identification of the particular model to be used. It is based

on the comparison of estimated autocorrelation and partial

autocorrelation functions, with the characteristics of known

theoretical autocorrelation and partial autocorrelation

functions.

(b) Fitting the identified model to the time series data, i.e.,

estimating the parameters of the particular model.

(c) Diagnostic checking to detect model inadequacy and, where

necessary, to initiate a further iterative cycle of

identification, fitting and diagnostic checking.

6.2.2 ARIMA model for simulating sugar price 

The identification and use of ARIMA (Integrated Autoregressive

Moving Average) models involves prior stages, namely data collection and

transformation, model identification, estimation and selection. The

procedure can be applied to any time series but its usefulness for

forecasting depends on the existence of some pattern in the data. In

order to discuss these stages, it is necessary to specify and define some

of the notation used, following Nelson (1973), viz., the concept of

stationarity, autocorrelation, ARIMA processes.

The cornerstone of time series analysis is the concept of the

sequence of observations making up a time series as a realisation of

jointly distributed random variables. That is, the sequence of

observations z 1 	 zN taken from
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Pi, 	  N (z 1 	ZN)

where p( ) is a probability density function, the subscripts 1,...,N on p

indicate that the distribution is associated with those time periods and

the random variables are z t ,...,z N .	 The concept of stationarity is

defined as the property of the joint distribution when it is required to

be invariant with regard to a displacement in time, i.e.,

p(zt,...,zt+k) =	 , 	
where t is any point in time and k and m are any pair of integers.

The subscripts on the density function have been dropped since location

in time is no longer relevant. The implications of stationarity for the

behaviour of the time series are as follows:

i) for k = 0, any two observations have the same expected values

and variances,i.e.,

E(Z t ) = E(Zt+■)

V(z..) = li(ztf.)
For k = 1, th!, ccvariances between z t and z t + 1 and between z t +, and

z t ,..+ 1 must be the same, i.e.,

COV(Zt,Zt+1) = COV(Zt+■,Zt+ N +1) = COVi

The covariances denoted by Cov i have values which depend on the

observations being separated by one period.

for k = j, implying any pair of observations separated by j periods,

COV(Zt,Zt+j) = COV(Z t + N ,Z t +■+ j ) = COVJ

where Cov j is the autocovariance at lag j, the prefix 'auto' being

used to refer to the covariance between different observations in the

same series.

The auto covariance structure of a time series has a crucial role in

time series analysis since the autocovariances determine the appearance

of a stationary process. A process may be characterised simply by

displaying the set of covariances Cov., Cov t ,...	 For purposes of
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comparing different series, however, this is not entirely satisfactory.

A difference in the dispersion of the processes caused by extraneous

factors (e.g. different scales of measurement) would lead to

substantially different autocovariances. To achieve comparability in the

time series, the autocovariances are standardised by dividing them all by

COV E) , i.e., transforming them to correlations. Such correlations are

referred to as autocorrelations. If the correlation between z t and zt.,

is denoted by P i , then the set of autocorrelations, often referred to

collectively as the autocorrelation function is given by

Po = Cove = 1
COVo

P 1 = Coy, 
COV0

P i = COVJ,
COVE)

A graph of the autocorrelation function is called the correlogram,

and a graph of the estimates of the autocorrelations is the sample

correlogram. The sample correlogram provides the basis for the choice of

a model, in this case a discrete linear stochastic process, suitable to

the data at hand.

A stochastic process is a discrete linear process if each

observation z t may be expressed in the form,

Z t	 V	 Ut + 41 1 1-1 t-1 •412Ut-2

where t and the weights, ,, are fixed parameters and the time series

(...,ut_i,ut,...) is a sequence of identically and independently

distributed random disturbances with mean zero and finite variance, often

referred to as 'white noise'. The process is discrete because

observations z t are taken at discrete and equally-spaced intervals and

linear because the observations are a linear combination of the current

and past disturbances. If the process has a weighted sum consisting of a

finite number of nonzero terms, then it is a moving average process.

Alternatively, the process may be written by expressing z t in terms of
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current disturbance and past observations. If the weighted sum consists

of finite nonzero terms, then the process is an autoregressive process.

A moving average process of order q, MA(q), or

Zt = p+ Ut - Glut -1

contains observations which are a moving average in the disturbances

reaching back for q periods. The shift in notation for the weights and

the introduction of minus signs by convention, are adopted to distinguish

the moving-average case from linear processes in general.

Similarly, an autoregressive process of order p, AR(p), or,

Zt = (DiZt-1	 CD2Zt-2	 + (D pZt-p + (5	 Ut

is essentially a regression equation in which z t is related to its own

past values instead of to a set of independent random variables.

A mixed process referred to as an autoregressive-moving average

process of orders p and q, ARMA(p,q) contain both autoregressive and

moving-average terms.i.e.,

Zt = 4)1Zt-1	 (PFIZt-p	 6	 Ut	 eclUt-ci

In practice, the inclusion of both autoregressive and moving-average

terms results in a model that has fewer parameters than would be

necessary for a satisfactory model of pure AR or pure MA form.

The ARMA(p,q) process becomes an integrated autoregressive-

moving-average process ARIMA(p,d,q ) when differencing is involved, and d

denotes the order of differencing that brings the process to
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stationarity. Thus, if w is defined as the sequence of differences

Wt = zt - zt-1

then the general model may be written

Wt = (1) 1Wt-1	 -1-(DpWt—p	 Ut	 OtUt-1	 OqUt—q

Replacing W t by (z t - z t - 1 ), the observed series z is given

directly by

Z t = Z t-1	 4)1 (Z t-1	 Zt-2)	 (Dp (Zt—p	 zt—p-1)	 Ut

0 1 Ut-1	 OclUt—q

z t in this case is referred to as the integration of the w t series.

Differencing of data is performed on nonstationary series suspected to be

stationary in their differences or successive changes. The behaviour of

the differenced series brought to stationarity is essentially the same as

that of other stationary series.

The selection of the best .model to represent the price of sugar

involved prior stages of identifying, estimating and diagnostic checking

of models to represent structures in the residuals of the data series.

The series contained 72 annual observations for world sugar prices

compiled from and, deflated into real prices (base year = 1981) using the

indexes of prices received by farmers published in the Quarterly Review

of the Rural Economy.

In the identification stage, the program AJID was used to graph and

derive the moments, sample autocorrelations and partial autocorrelations

of the logarithms of the original and differenced data series. Figures

6.2 and 6.3 illustrate the graph of the logarithm and first difference of
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the logarithm of sugar prices through time, respectively. First

differencing was performed on the data for sugar prices to remove the

apparent downward trend in prices (Figure 6.2). The reduction in

variability and removal of the trend in Figure 6.2 through differencing

is shown in Figure 6.3. The calculated moments of the first differenced

series and 24 autocorrelations and partial autocorrelations are presented

in Table 6.1.

The autocorrelation function (ACF) and the partial autocorrelation

function (PACF) give indications on the order of AR, MA, or ARIMA

processes. The following guides are based on Judge et al. (1982):

(a) For an MA(q) process the autocorrelations p j = 0 for j > q and
the partial autocorrelations taper off. To determine a cutoff

point of the autocorrelation function the sample stand and

deviations of the autocorrelations are used.

(b) For an AR(p) the partial autocorrelations, pj = 0 for j > p and

the autocorrelations taper off. A cutoff point of the partial

autocorrelation function may be determined by comparing the

estimates with ± 2/(T) 1 ' 2 , since 1/(T) 1 " 2 is the approximate

standard deviation of the estimators p j for j > p.

(c) If neither the autocorrelations nor the partial autocorrelations

have a cutoff point, an ARMA model may be adequate. The AR and

MA degree have to be inferred from the particular pattern of the

correlations and partial autocorrelations. A more detailed set

of guidelines is provided for reference in Table 6.2.

The output from program AJID on world sugar prices is shown on

Figure 6.4. The first column shows the covariances in the

autocorrelation function at each lag, C1 to C24. The choice of the

number of lags is arbitrary but twenty is typical to show a 'dying away'

pattern in the function.

The second column gives the series of values of the estimated

autocorrelation coefficients, ACF, while the third column gives the

estimated standard deviation of the estimated ACFs on the assumption that

q, the order of the MA process, is zero. The variance estimates are
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Figure 6.2 Scatter plot, (log) sugar price v's time, 1911-1982
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Figure 6.3 Scatter plot, first difference of log sugar
price y s time
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Figure 6.4
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18	 *+	 -.1057E-01

****+

	

19	 -.7523E-01

	

20	 *+	 -.2047E-01

	

21	 *****+	 -.1044E+00

	

22	 +***	 .6752E-01

	

23	 **+	 -.3610E-01

	

24	 *******+	 -.1492E+00



Table 6.1 ACF and PACF, first difference of sugar price through
time

FITTING TIME SERIES MODELS -	 IDENTIFICATION
ORIGINAL SERIES - log price

DIFFERENCING PARAMETERS FOR SERIES	 1	 0	 0	 FIRST OBS	 2	 LAST OBS	 72

MEAN	 -0.023621	 VARIANCE	 0.124334
LAG	 CO-VARIANCE	 ACF	 STD DEV	 T	 PART(ACF)	 STD DEV	 T

1	 0.562691E-02	 0.0453	 0.1204	 0.38	 0.0453	 0.1204	 0.38

2	 -0.365052E-01	 -0.2936	 0.1213	 -2.42	 -0.2963	 0.1222	 -2.43

3	 -0.840746E-02	 -0.0676	 0.1222	 -0.55	 -0.0406	 0.1240	 -0.33

4	 -0.204141E-01	 -0.1642	 0.1231	 -1.33	 -0.2701	 0.1260	 -2.14

5	 0.130669E-01	 0.1051	 0.1240	 0.85	 0.1065	 0.1?80	 0.83

6	 0.524657E-02	 0.0422	 0.1250	 0.34	 -0.1318	 0.1302	 -1.01

7	 -0.702459E-02	 -0.0565	 0.1260	 -0.45	 0.0036	 0.1325	 0.03

8	 -0.442393E-02	 -0.0356	 0.1270	 -0.28	 -0.1216	 0.1348	 -0.90

9	 -0.262281E-01	 -0.2109	 0.1280	 -1.65	 -0.2216	 0.1374	 -1.61

10	 0.469034E-02	 0.0377	 0.1291	 0.29	 -0.0148	 0.1400	 -0.11

11	 0.254157E-0 1	0.2044	 0.1302	 1.57	 0.0346	 0.1429	 0.24

12	 0.423984E-02	 0.0341	 0.1313	 0.26	 0.0062	 0.1459	 0.04

13	 -0.106970E-01	 -0.0860	 0.1325	 -0.65	 -0.1213	 0.1491	 -0.81

14	 -0.336842E-01	 -0.2709	 0.1336	 -2.03	 -0.2736	 0.1525	 -1.79

15	 -0.781314E-02	 -0.0628	 0.1348	 -0.47	 -0.1182	 0.1562	 -0.76

16	 0.244314E-01	 0.1965	 0.1361	 1.44	 -0.0404	 0.1601	 -0.25

17	 0.322328E-01	 0.2592	 0.1374	 1.89	 0.1994	 0.1644	 1.21

18	 -0.131375E-02	 -0.0106	 0.1387	 -0.08	 -0.1395	 0.1690	 -0.83

19	 -0.935389E-02	 -0.0752	 0.1400	 -0.54	 0.1100	 0.1741	 0.63

20	 -0.254457E-02	 -0.0205	 0.1414	 -0.14	 -0.0261	 0.1796	 -0.15

21	 -0.129750E-01	 -0.1044	 0.1429	 -0.73	 -0.0638	 0.1857	 -0.34

22	 0.839499E-02	 0.0675	 0.1443	 0.47	 -0.0171	 0.1925	 -0.09

23	 -0.448869E-02	 -0.0361	 0.1459	 -0.25	 -0.2381	 0.2000	 -1.19

24	 -0.185562E-01	 -0.1492	 0.1474	 -1.01	 -0.1351	 0.2085	 -0.65
BOX-PIERCE STATISTIC =	 40.171	 THIS	 IS CHI-SQUARE WITH	 23	 DEGREES OF FREEDOM.
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Table 6.2. Summary of the theoretical properties of AR, MA and ARMA processess

Feature
	

Autoregressive processes
	

Moving average processes
	

Mixed processes

Model based upon

previous observations

Model based upon

previous disturbances

Characteristics of

weights

Characteristics of

* weights

Stationarity condition

Invertibility condition

Autocorrelation function

Partial autocorrelation

(1-0
1
L

p
LP )y

t
 = u

t

Yt = (1-01L	
P 
)-1 ut

form a finite series

form an infinite series

the roots of •(L) = 0

must lie outside the unit

circle

always invertible

involves an infinite

number of terms forming

damped exponentials and/or

damped sine waves which

tail off gradually

involves only a finite

number, p, of non zero
terms and then cuts off

abruptly

(1-6L	 0)-ly
t = ut1

= (1-6 1 L -	 -6 Olu't	 q	 ' t

form an infinite series

form a finite series

always stationary

the roots of 6(L) = 0

must lie outside the unit

circle

involves only a finite

number, q, of non zero

terms and then cuts off
abruptly

involves an infinite number

of terms forming damped
exponentials and/or damped

sine waves which tail off
gradually

(1-61 L ▪	 Or/ x
1

(1-¢ 1 	LP)y = u
1 •	 p	 t	 t

-
yt = (1-411,	

LP) 1
 x

(1-6
1
L •	 Lq)u

t

form an infinite series

form an infinite series

the roots •(L) = 0 must

lie outside the unit circle

the roots of 0(L) = 0 must

lie outside the unit circle

involves an infinite number

of terms which, after the

first q-p terms form damped
exponentials and/or damped

sine waves that tail off

gradually

involves an infinite number

of terms which, after the

first p-q terms form damped

exponentials and/or damped

sine waves that tail off

gradually

Source: Adapted from Table 3.2 of Box and Jenkins, page 79.
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based on an approximation established by Bartlett which is applicable

strictly only when the stochastic process is a stationary normal process.

The fourth column provides values of t to suggest possible nonzero

autocorrelation parameters. Usually such values occur only within the

first few lags but occasionally a large value of r j , a sample

autocorrelation coefficient which appears to be statistically significant

may appear as if by chance after fifteen or twenty lags. One possible

reason for such an occurrence is that the true autocorrelation

coefficient is nonzero. Another is that, in sampling, it is only

expected that the 95 per cent tolerance interval based on the sample

statistic will include a parameter value on the average 19 times out of

20. A significant sample statistic based on the t value, implies that

the relevant confidence interval would not contain the parameter with a

value of zero once in twenty times even though the true parameter value

was zero. Given that it is typical to estimate for twenty lags, such a

stray value could easily occur quite by chance. In this situation, one

applies the principle of parsmony, i.e., seek the simplest possible

model that can adequately describe the behaviour of the stochastic

process. Similarly, it is importr_nt when examining the ACF to look at

basic general characteristics only and not to pay too much attention to

particular details which do not fit in with such general theoretical

patterns of characteristics.

The columns headed PART(ACF), VAR, and T contain the set of partial

autocorrelation coefficients, their variances and calculated t-values

obtained when testing the null hypothesis that (Op) = 0 for j > p where p

= 0, 1, 2,... In case of an AR process, one would expect the sample

statistics to be significant for the first p lags and then nonsignificant

thereafter. An MA process should produce a sample partial

autocorrelation function which gradually tails off rather than one which

cuts off abruptly as one would expect to happen with the sampling PART

(ACF) of an AR process.

When tentative models are identified, these are estimated using

program AUTO which fits the desired model to the data and varies the

parameter values of the given model until the residual sum of squares is

minimised.	 Then, if there is no structure remaining in the residual's
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correlogram, the model is deemed to be an adequate representation of the

underlying stochastic process generating the data of the series

considered. (See Figure 6.5.)

The selection of the 'best' model involves the interpretation of

statistics in the AUTO output, viz.,

(a) The significance of parameters is tested by an F-test. The

t-test is invalid as the t-values are positively biased. When

there is only one parameter, the F-statistic in the output is

compared to the critical F-value, otherwise an appropriate

constrained model leaving out the parameter in question must be

run to calculate the constrained residual sum of squares.

(b) A lower residual sum of squares indicates a better model.

(c) The standard error should be small, a large value would produce

wide tolerance intervals.

(d) The Akaike Information Criterion (AIC), and the Akaike Entropy

Criterion (AEC) are used to choose among models which otherwise

appear equally good representations of the data (Akaike 1973).

The more negative these statistics are, the better is one model

relative to another. If they are contradictory, greater weight

should be placed with the AIC since the AEC is a less rigorous

test.

The final statistic considered is the Box-Pierce statistic (Box and

Pierce 1970) which is an overall measure of model adequacy, and, in

effect, tests whether there is any significant structure left in the

residual's correlogram. It is expressed as Chi-squared statistic and is

compared to a relevant critical value for K-p-q degrees of freedom, where

K is the number of lags in the residual correlogram.

For the sugar price, tentative models identified from analysing the

ACF and PACF were IMA (1,2), ARI (2,1) and ARIMA (2,1,2). The data

series was brought to stationarity through transformation into logarithms

and first differencing. Intervention variables (analogous to dummy

variables in regression analysis) were used to represent commodity booms

in 1920 and 1971. The relevant statistics in choosing the best model to



GRAPH OF PARTIAL AUTOCORRELATION
GRAPH	 INTERVAL	 IS	 .2000E-01

-.1000E+01

Figure 6.5
FUNCTION FOR SERIES WITH DIFFERENCING PARAMETERS	 1	 0	 0

.0000E+00	 .1000E+01 VALUES

0

1 +** .4526E-01

2 ***************+ -.2963E+00

3 **+ -.4063E-01

4 **************+ -.2701E+00

5 +***** .1065E+00

6 *******. -.1318E+00

7 .3629E-02

8 ******+ -.1216E+00

9 ***********+ -.2216E+00

10 *+ -.1483E-01

11 +** .3463E-01

12 .6214E-02

13 ******+ -.1213E+00

14 **************+ -.2736E+00

15 ******+ -,1182E+00

16 **+ -.4036E-01

17 +********** .1994E+00

18 *******+ -.1395E+00

19 +***** .1100E+00

20 *+ -.2607E-01

21 ***+ -.6376E-01

22 *+ -.1706E-01

23 ************+ -.2381E+00

24 *******+ -.1351E+00



represent the series for sugar price are presented in Table 6.3.

Table 6.3 ARIMA model for sugar price

Best Model	 Relevant Statistics

73

IMA (1,2): yt = ut - 02ut-2

where y t = Yt-Yt-1

Yt = logarithm of

sugar price

02= 0.297 (t = 3.41)

Residual sum of squares = 5.911

Standard error of residual = 0.297

AIC = -154.670

AEC = -162.925

Box-Pierce = 10.383



CHAPTER 7

RESULTS AND DISCUSSION

This chapter consists of a report and discussion of results from

deterministic and stochastic appraisals. The operational difficulties in

using the technique are then enumerated.

7.1 Results of the Deterministic Appraisal 

The NPV derived using different discount rates are presented in

Table 7.1. By using alternative discount rates, the economic soundness

of the ORIA varies according to the expected values of the NPV. The

project becomes economically justifiable only when a two per cent

discount rate is used when a positive NPV of A$ 28 077 000 is expected.

The IRR, of course, does not vary with changes in discount rates and

the value derived from the appraisal is quite low, being 2.9 per cent.

If 2 per cent is considered a reasonable social discount rate, the

project might be considered as just acceptable.

Table 7.1 Results of Deterministic Appraisal

Discount	 Net Present
Rate	 Value

(A$ 106)

	

2.0
	

28.1

	

5.0
	

-38.9

	

10.0
	 -69.5
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7.2 Results of the Stochastic Appraisal 

The first issue in this appraisal was to determine the appropriate

sample size which may represent the 'true' distribution of NPV and IRR.

A sample size that can be considered adequate can be determined from an

examination of the mean, standard deviation and CDFs of the performance

measures. From the results presented in Table 7.2 and the CDFs presented

in Figures 7.1 and 7.2, a sample size of 250 was deemed to be adequate

for further analysis in this study. This is slightly higher than the

sample size used by Kohli (1973) who used 200 iterations and Cassidy and

Harrison (1977) and Wong (1979) who used 100 iterations.

Table 7.2 Risk Analysis with Various Sample Sizes
(discount rate = 10 per cent)

NPV (A$ 106)
	

IRR (per cent)
Sample
	

Standard
	

Standard
Size
	

Mean
	

Deviation
	

Mean
	

Deviation

50 -56.1 17.3 2.8 6.8
100 -52.0 16.2 3.7 5.9
150 -49.2 16.1 4.1 5.5
200 -49.2 16.1 4.4 4.8
250 -50.0 16.0 4.3 4.9
300 -49.4 15.9 4.4 4.8

Using this sample size the model was run with varying discount

rates. The results are presented in Table 7.3 which show the necessary

inverse relationship between discount rate and movements of the NPV.

Changes in the discount rate do not of course, affect the CDF for IRR.

These results suggest that stochastic appraisal of the project requires a

discount rate as small as about five per cent to attain a positive

E(NPV). In subsequent analysis, ten per cent is used for a conservative

estimate of the performance measures.
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Table 7.3 Results of Risk Analysis with Various Discount Rates
(sample size = 250)

NPV (A$ 10')
Discount
Rate
(per cent)  Mean

Standard
Deviation

	

2	 111.3	 48.7

	

5	 4.2	 27.6

	

10	 -50.0	 16.0

7.3 Comparison between Deterministic and Stochastic Appraisals 

A comparison of results from the two appraisals is illustrated in

Table 7.4 which highlights the greater amount of information from risk

analysis. Aside from the standard deviation and range, additional

informaticn such as probabilities of exceeding a given value for NPV and

IRR may be ascertained from the CDFs presented in Figures 7.1 to 7.4

(interpretation of this additional information may be relevant to

potential investors on the project as an aid to decision makinq.)

The mean of the IRR in the stochastic appraisal is also

substantially different from that in the deterministic analysis.

Although a value of about 4 per cent for IRR is relatively low compared

with the 10-12 per cent recommended by funding institutions, this is

higher than the rate resulting from the deterministic analysis. The high

standard deviation implies a trade-off in terms of wide variation in the

outcomes and a higher mean for the IRR.

The author is at a loss to explain clearly why the differences

between the deterministic and mean stochastic measures of performance are

so great. Most of the explanation must reside in the nonlinearity

embodied in the generation of sugar prices. The rest of the model is

either linear or, when multiplicative, involves the product of

independent random variables.

The information on probabilities are likely to be of interest to

decision makers who base their judgement in terms of measuring chances.

Depending on the risk attitude of the decision maker, choices among 10,25



NPV (A$M) IRR (per cent)

Analysis

Disc
rate

Mean S.D.

A.	 Deterministic

i) 28.07

i i ) 5 -38.91

iii) 10 -69.527

B.	 Risk

i) 2 111.3 48.7

ii) 5 4.2 27.6

iii) 10 -50.0 16.0

Probability of value
or less

.1	 .5	 .75	 .99
Mean	 S.D.

Probability of value
or less

.1	 .5	 .75	 .99

2.9

P(NPV<0)

0.01

0.35

1.00

143

25

-34

230

77

-7

4.3 4.9 2.5

II	 -

52 114

-27	 fl

-68 -48

5.2 5.8 9.5

TABLE 7.4 Summary of results; deterministic and risk analysis, various discount rates
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until 99 per cent chance of exceeding a certain value for NPV and IRR are

given in the information provided in the stochastic appraisal. Further

information is provided on the probability of attaining a breakeven

point, which may be interpreted when E(NPV) is zero.

The application of risk analysis resulted in a project which is

substantially 'attractive' compared to indications of the deterministic

appraisal. Although both appraisals indicate the project to be

economically unsound at a discount rate of ten per cent, the implications

of E(NPV) differ when five per cent is used. At two per cent, the

project is substantially more attractive in risk analysis than in the

deterministic appraisal. These results are similar to those of Wong

(1979) although the difference in his appraisals are less substantial.

Further discussion on the operational problems in deriving these results

are discussed in a later section.

7.4 Operational Difficulties 

One should work with expected values instead of most likely values

in a deterministic approach, as is suggested by Reutlinger (1970),

Pculiquen (1970), Kohli (1973) and Ray (1977). However, when risk is

accounted for, the limitations of such an approach must be considered.

That is, the use of expected values of project variables in a

deterministic model will only yield results which are equivalent to the

expected values of the performance measures when the functional form of

the performance measure is linearly additive (Anderson 1976 and Ray

1977). Otherwise, the deterministic results are something other than

expected values. Wong (1979) illustrates this with the different values

for E(IRR) and E(NPV) he derived using the expected values of project

variables from those obtained in risk analysis. The results obtained

from the deterministic model may be looked upon as potentially biased

estimates of the expected values (Anderson 1974 and Ray 1977). The

'stable' frequency distribution of the performance variable in a well

specified risk analysis will approximate the 'true' probability

distribution of the performance measure. The mean of such a probability

distribution will tend to be an unbiased estimate of the 'true' expected

value (Ray 1977). Hence, in general, only risk analysis can be relied

upon to provide unbiased estimates of the selected performance measures
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and then only when the specification has been appropriately done.

However, despite the method's value, the treatment of correlations

between variables remains a major problem. Results can be misleading if

correlations are not properly considered. In assuming independence

between variables in this study, the results may well be different from

what they would be if correlation was properly accounted for. However,

negative E(NPV) and low E(IRR) would almost inevitably still be found and

thus would probably continue to indicate the unprofitability of the

project, given the assumptions used in the appraisal.



CHAPTER 8

SUMMARY AND CONCLUSIONS

The chapter begins with a summary of the present study. This is

followed by a presentation of the implications of the research findings.

Then the applicability of risk analysis is discussed and, finally, areas

for future research are identified.

8 . 1 Summary

The aim of this study is to investigate the potential of risk

analysis as a technique for appraisal of large irrigation projects in

Australia. The technique was applied to the appraisal of the Ord River

Irrigation Area in Western Australia. A BCA model based on the World

sank approach was constructed, risk analysis was applied, and the

cumulative density functions (CDFs) of net present value were derived.

These CDFs represent a quantitative measure of risk in the project. The

results obtained from this application of risk analysis were compared

with those obtained using deterministic appraisal. Inherent limitations

in using the technique such as statistical dependence, sample size and

discount rates were examined. The application of risk analysis was not

aimed at eliminating uncertainty, but rather, permitted examining data

about the project which would otherwise be lost.

Salient features of the study were the use of ARIMA models in

simulating the variables for prices and the conduct of the analysis

within a simulation framework.

The most apparent limitation of the study was the use of the

author's subjective probabilities in variables other than price.
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8.2 Implications of Results 

The proposed sugar industry in the ORIA was found to be economically

unsound except when discounted at only two per cent in the deterministic

analysis. When risk was explicitly accounted for, the attractiveness of

the project increased substantially at two per cent and became

economically sound at a discount rate of almost five per cent. Where

other available information was not utilised in the analysis, the

deterministic appraisal resulted in an underestimation of the potential

worthiness of the project. Decisions made based on the results of this

appraisal may lead to suboptimisation, i.e. a potentially acceptable

project is rejected based on an understatement of its worthiness and vice

versa. This limitation highlights the desirability of using other than

the conventional deterministic analysis.

Within the assumptions underlying the analysis, it is reasonable to

conclude that the proposed sugar industry in ORIA is financially unsound

as implied by the values for the NPV and IRR derived in this study. If

these values give indications of the results of the fea.7ibility study

undertaken by the consortium of private investors on the OPTA, it Pould

be r ,9as(;nable for the consortium to decide not to finance the project.

However, it does not follow that the WA Government will refuse to finance

it. It must consider other factors not included in this approach, such

as the importance of local or national indirect benefits and intangibles

that contribute to the State and Federal welfare. Considering the

circumstances surrounding the ORIA, the Government could quite validly

decide to provide public funds on the project for political reasons, in

spite of the unfavourable values for the investment criteria.

8.3	 Applicability of Risk Analysis 

Risk analysis can provide bases for developing policies to choose

among a variety of investment alternatives. The analysis of uncertainty

in describing complex decision-making situations is now an increasing

activity of business and government. The elements of an investment

decision - private or public - are subject to all the uncertainties of an

unknown future. As Hertz (1968) showed, an estimated probability

distribution paints the clearest picture of all possible outcomes,
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containing considerably more information than simplistic combinations of

subjective best estimates of project variables. The deterministic

(single-point) approach was shown to be exceedingly misleading, when

using the conventional approach in deriving the best estimates for the

expected values of project performance measures. A risk analysis

employing frequency distributions of the variables shows a range of

possible outcomes that is a realistic picture of the results of this

investment, if it could be repeated over and over again. If enough

investments were chosen consistently on the basis of criteria related to

these kinds of risk portrayals, the overall outcomes would stabilise

around the desired expected value or best estimate of the selected

criterion.

The main constraint in applying the technique pertains to the

difficulty of eliciting subjective beliefs from a group of decision

makers who cannot reach a consensus nor accept axioms and theories

related to the concept of utility. Furthermore, constraints on reseach

funding which limit collecting judgmental data on project consequences,

notwithstanding data classified as confidential, hamper the praLical

applicability of risk analysis.

In recent years, efforts have been devoted by economists and project

analysts in developing expanded methods of economic analysis to aid

project appraisal and selection procedures in Australia. Davis (1978)

argues that the Australian public will continue to bear the burden of

uneconomic projects that are often hidden subsidies to private interests,

or venues for political aggrandisement. Except for the case study in

Cassidy and Gates (1977), risk analysis does not seem to have been

applied to other project appraisals. The wide acceptance of the

technique elsewhere, such as in analysis of business investments and

World Bank analysis of projects in developing countries, could herald the

acceptance of its use in public investment appraisal.

8.4 Areas for Future Research 

Further studies may be pursued to account for several of the

problems that were assumed away in this study. Risk analysis applied in

a multidimensional utility framework might be a worthwhile area to
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investigate, incorporating objectives other than those related only to

economic efficiency in the analysis. Other developments in BCA, such as

treatment of externalities and intangibles, are other possible

extensions.

There is still a dearth of comprehensive studies to elicit and

derive utility function/s of decision maker/s in public investments.

To provide a more precise mechanism than the univariate ARIMA model

to simulate sugar price, the transfer function approach merits

investigation. It utilises additional information about a dependent

variable contained in other explanatory series. Furthermore, it provides

a basis for increased understanding of a dynamic economic system.

Econometric modelling of sugar price could incorporate additional

variables examined in a transfer function approach.

These are but a few areas that warrant investigation in the future.

Developments and adoption of refinements in techniques to explicitly

account for risk and uncertainty in project analysis may provide the

impetus required for a more widespread, if not universal, applicability

of risky project appraisal.

• .44I4	 ... •

.	 •
4 . •
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