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Abstract

Standard financial techniques neglect
extreme situations and regards large market
shifts as too unlikely to matter. Such
approach accounts for what occurs most of
the time in the market, but does not reflect
the redlity, as mgjor events happen in the
rest of the time and investors are ‘ surprised’
by ‘unexpected market movements. An
aternative  fuzzy approach  permits
fluctuations well beyond the probability
type of uncertainty and allows one to make
fewer assumptions about the data
distribution and market  behaviour.
Fuzzifying the present value criteria, we
suggest a measure of the risk associated
with each investment opportunity and
estimate the project’s robustness towards
market uncertainty. The procedure is
applied to thirty-five UK companies traded
on the London Stock Exchange and a neural
network solution to the fuzzy criterion is
provided to facilitate the decision-making
process. Finally, we suggest a gpecific
evolutionary algorithm to train a fuzzy
neural net - the bidirectional incremental
evolution will automatically identify the
complexity of the problem and
correspondingly adapt the parameters of the
fuzzy network.

Keywords: Finance, Evaluating fuzzy
expressions, Neural networks, Evolutionary
algorithms.

1 Introduction

Investment projects are typically chosen on the basis
of a restricted information set, while the volatility
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literature claims that stock prices are too volatile to
accord with simple present value modes. To
approach the problem, we modd the restricted
information and incorporate price uncertainty into
calculations. Uncertain share prices and dividend
yields, associated with a family of possible streams
of future cash flows, as well as uncertain discount
rates are handled by the introduction of fuzzy
variables, whose values are restricted by possibility
distributions. Alternatively, fuzzy numbers are
suggested  with  corresponding  membership
functions. Increasing the range of uncertainty
modelled by the fuzzified data, we determine the
robustness of the investment risk associated with
each project. Neural networks yield a mechanism to
facilitate the solution of the fuzzy criterion. Once
trained to evaluate a project, a neural net provides
investors with a simple re-evaluation tool when the
information available is subject to change. Finally,
as adirection for future research, we suggest a fuzzy
neural net, as it will directly handle fuzzy market
data, and recommend the bidirectional incremental
evolution as an effective training mechanism.

2 Net present value models

NPV evaluations are increasingly being used in the
UK [14,17]. The technique is broadly adopted in
practice, managers are comfortable with it, and it is
reasonable to consider the fuzzy alternative to take
account of more general forms of uncertainty. Fig. 1
describes the interrelations between standard and
soft computing techniques as well as between
theoretical and empirical research, al involved into
the process of formulating the fuzzy criterion.

The standard NPV formula has been continuously

! For adetailed discussion, see [19].
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revised. It has been realised that the removal of any
of the perfect market assumptions destroys the
foundation and reduces the effectiveness of the
method. We do not attempt to cope with a specific
drawback of the technique but permit into the model
structure as much uncertainty as the market could
possibly suffer. The calculation based on the
standard criterion may be re-optimised due to
investment irreversibility [8] and altered because of
the effect of capital and labour market rationing [15]
or impact of a project on the investor’'s total risk
[20]. Whatever reason one has for modifying the
classic result, the allowances provided by the fuzzy
criterion will cover these specific circumstances and
will include the modified values. The outcome is an
effective method under restricted information,
uncertain data and market imperfections.

Fuzzy net present value was first introduced in [2],
then considered in a broader framework of
accumulation and discount models in [6],

recently modified with an alternative fuzzification of
the project duration in [13]. All these studies are
theoretical. The major difference here is the
emphasis we place on the empirical results - we
evaluate 35 projects investing in UK companies
traded on the LSE. Concurrently, it is the analysis of
the empirical results that facilitates the formulation
of measures for the investment risk and the project
robustness towards market uncertainty, and assists
the definition of an alternative ranking technique.
Thus the fuzzy criterion evolves into a considerably
informative and advantageous to investors method.
Further, we build a neural network to solve the fuzzy
investment criterion. In result, investors are provided
with an effortless instrument for risk re-evaluation,
any time they update a project. We also suggest a
fuzzy neural net and recommend an effective
evolutionary training algorithm. In conclusion,

combining the advantages of various soft
methodologies, the article balances empirical and
theoretical results, with the driving force being the
investor's benefit.

3 Investment project evaluation using a fuzzy
criterion with a constant discount rate

We apply two methods of evaluating fuzzy algebraic
expressions from [3]. First, if positive real triangular
fuzzy numbers B, DY, and R are substituted for
the share price P, , dividend yield DY, and discount
rate R, then PVgy is the triangular-shaped fuzzy
number providing a set of values that belongs to the
present value with various degrees of membership.
Form the a-cuts of the price timeseries
P(a)={ R(a)} and the dividend-yield time-series
DY ={ DY, } for 1<t<N, and find Qp., ().
g [PtayPtc a=0

”HXP'(“J- xptIPt >0(} O<as<1 (1a)
[DYew, DY, a=0
DY(G)_H xDYtlu(xDYtIDYt)za},Ow <1 (10)
RDY, . Ry
QPVFN(G) §(1:_R)t (1+R)N (1C)

| Roy P, Y3y ODY (o), ROR(t)}
Then thefirst solution is defined by p( Xpy.,, | PVen):
I Xpvey | PVen)=sUp{ O] Xpvey O Qe (@)} (1d)

Second, if B, DY, and R are positive real fuzzy
variables with triangular possibility distributions
Poss[ R =xm]=U(Xn|R),  Posy DY; =Xov]=H(Xovi DY:)
and Posy R =xg]=p(Xg|R), correspondingly, then
PVey is the fuzzy variable, whose values are
possible solutions to the fuzzy present value criteria.
Form the joint possibility distribution of share-price
time-series and dividend-yield time-series

= min {Posg R =xp]}= min p(xe R)} (29)
Thy= Jr_j?ér,\‘l {Poss DY, =xpv]}= Jr_jt]ér,\‘l H(Xovtl Iﬁth )} (2b)
and find the joint possibility distribution T,y ,

Tlyey =Min{ T, Ty, Posy] R =X} (20)

assuming that R, DY;and R are non-interactive.
Then, the possibility distribution of the second
solutionis

PDYI
Poss] PVey = Xpy,,, 1=SUP{ Tle,,, [ Xpy,, = Z(l*'R) (1+R) )

The two solutions are identical but we present them
both, as the first provides the computational




algorithm and the second justifies the uncertainty-
modelling technique.

We use monthly (DataStream) data on share prices
and dividend yields covering 35 UK companies for
Jan.’75-Jan.’00. The discount rate equals the average
3-month UK treasury-hill rate. The support of the
triangular membership function of each B, DY,

and R, is 2.5% wider than the 99% normal-
distribution confidence interval. The calculations
involve reation (3) and Fig. 2 presents the graphics
for BBA GROUP.?
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Figure 2: Results for BBA GROUP under N-calibration
» fuzzy present value and fuzzy cash-flow

The character of the fuzzy cash-flow stream affects
the form of the fuzzy present value. There exists a
unique for each company agiica Where the initial-
outlay line crosses the present-value membership
function. Then the critical level of uncertainty is
Usitica=1-Olcritica- A Project is profitable at any u<ugisica,
while at u=u.iiq there is a chance of being
unprofitable. Table 1 presents part of the results.®

Table 1: Congant discount rate with normal calibration -
critical values
company | BBA | BOC BPAMOCO| DIXONS
Ongitica | 0-245 | 0.000 0.000 0.656
company |GOODWIN/HANSON/N. FOODSWOL SELEY
0.421 0.507 0.339 0.000

Dividend per S hare, £/100

Ohritical

4 Measuring theinvestment risk and its
robustness

The results in section 3 show that a critical level of
uncertainty is associated with each project. The
solution procedure applied allows for finding the set
of the project’s present values that corresponds to all
the share prices, dividend yields and discount rates
possible at some level of uncertainty. This set is

2 See [18] for the complete set of graphics.
3 See[19] for the full table of resuilts.

situated at the same level of uncertainty. Therefore,
there is a critical level of uncertainty, Ugitica
embodied in the market data we use to evaluate the
project and this level delimits the project’s
investment risk. We suggest 1-Ugitica=0critica U [0,1] 8S
a risk measure. The following reasons support the
suggestion. The lower the critica level of
uncertainty at which thereis a chance for the project
being unprofitable, the higher the investment risk.
Second, Ogiica 1S the membership level of the fuzzy
present value, below and at which it is certain that
the solution includes values below or equal to the
initial outlay, and above which the project is
definitely profitable.

Further, evaluating the same projects under
increased uncertainty of the market environment and
comparing the resultant critical values, we derive
estimates of the investment risk robustness,
AO=Clieeritica-Onaritica- 10 Mmodel  increased market
uncertainty, a calibration procedure is applied based
on the 95% t6-confidence interval rather than the N-
interval, thus producing fatter-tail possibility
distributions. Fig. 3 illustrates how this affects the
results for BP AMOCO.” Some of the values are
shownin Table2.?

* + a aifiocd =0.529
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Figure 3: Results for BP AMOCO under t6-calibration
= fuzzy present value and fuzzy cash-flow

Raising the market uncertainty, we logically obtain
decreased critical levels ugiica. FOr al the projects,
the relation Ugiica<Unaiica holds, which indicates
that the chance of a project being unprofitable now
occurs at lower levels of uncertainty embodied in the
data. Simultaneously, the relation oisgitica=Oncritica
reveals increased investment risk. Now we formulate
an alternative rating procedure. First, the companies
are ordered according to their risk in the increased-
uncertainty case, Qisgiica- 1hen, the more robust
investments are preferred when choosing between
projects with close risks. Thus the companies are
accordingly reordered. For example, HANSON is
preferable to NORTHERN FOODS, BBA GROUP
and BP AMOCO, because the project is more
robust, although with dightly higher investment risk.
By analogy, NORTHERN FOODS and GOODWIN



are preferable to BBA GROUP and BP AMOCO.

Table 2: Congant discount rate -
investment risk robustness and project rating

company |Gewiica|f@iNg, Aa |robustnessnew rating
BBA 0.527 | 3rd |0.282] low 6th
BOC 0.000 | 1s¢t |0.000| high 1st
BP AMOCO| 0.529 | 4th |0.529| none 7th
DIXONS | 0.713 | 8th |0.057| high 8th
GOODWIN | 0.575 | 7th |0.154) medium 5th
HANSON | 0.573 | 6th |0.066] high 3rd
N. FOODS | 0.543 | 5th |0.204| medium 4th
WOLSELEY| 0.000 | 1st |0.000| high 1st

Remember that the standard method will not quite
distinguish between the above projects, as they all
have a paositive crisp net present value. The generally
accepted technique will not tell us how to choose
between projects with close crisp net present values.
It will not reveal whether projects with higher NPV
are less robust and less preferable. The standard
results areless informative and can be misleading.

5 Investment project evaluation using a fuzzy
criterion with a time-varying discount rate

The assumption of time-varying returns transforms
the price-dividend rdation into nonlinear and a
loglinear approximation is required. We equate the
log present value Ipv with the log shareprice

estimation p at t=0. Then a project is profitable if
Ipvo=Po >po. The real fuzzy numbers to be substituted
for the log share-price py, log dividend-yield dy, and
log discount-rate r;, are correspondingly p LAy, T
The level-log data transformation causes triangular-
shaped rather then triangular membership functions

for p,, dy, and T . Now find the a-cut

Quu, (a)=y ooy rpekorlotoul

Pos OB(@) Ay Dy () e OF(c0)
Then the first solution for the fuzzy log present
valueis defined by its membership function,
M Xipugy [1BVin )=sUp{ | Xipug, 0 Qupyy, (@)} (4b)
By analogy with section 3, the triangular-shaped
possibility distribution of the second solution is
POSS[ |f)va = XIprv ]=SUD{ T[IprV :min{ TfpyTBnyfrH

[ Xipug, = ipt‘l[(l—p)(dyt +p)+k-r]+pNpy} (5)

where the possibility distributions of the real fuzzy
variables p,, dy;, and % are described by

Poss[ Py =Xpd =H(Xut| B ), Posq ayt =Xayt] =H(Xayt| ayt) and

Posq T =x]=p(X| ¥ ), respectively. The two solutions
areidentical, as

1BVin (0= Qipugy () ={ Xipuy, IPOSS 1PV, =Xipyy, 120} O<ai<1
and the calculations include

Qi (@)= iV Ve (1] = éﬁpt—l[(l—p)(m+ pu(a)) k1ol
+prL(a).§pt-l[(1-p)(ma)+ma))+k—@]mwa)g

We consider the té-calibration and the assumption of
a timevarying discount rate enforces the
employment of N fuzzy numbers ¥, 1<t<N. Table 3
includes part of the results. We have not further
increased the uncertainty modelled in the t6-data,
only introduced a variable discount rate. But a
comparison between the t6 constant and time-
varying results reveals characteristics similar to
increased market uncertainty: Uiogritica<Uscritica<Uncritica
and Oljoguritica 2Qteceritica>0neritica- FUther, when projects
are assessed under t6 calibration and a time-varying
discount rate, real market conditions are approached,
and this allows an improved evaluation of the
investment risk and its robustness. Table 3 repeats
the ranking procedure from the previous section
with the new results. The projects are first ordered
according to the risk Ojogriica; then the order is
refined corresponding to the robustness indicator
A0 6= ogeritical O Neritical »
Table 3: Time-varying discount rate -
risk robustness and project rating

company | Gioggitical ' atiNG| Adioq |FObUsStness new rating
BBA 0.696 | 5th [0.451] low 6th
BOC 0.000 | 1st [0.000[ high 1st
BP AMOCO| 0.904 | 6th |0.904| none 7th

DIXONS | 1000l unprofitable
GOODWIN | 0.925 | 7th |0.504 low 6th
HANSON | 0.673 | 4th |0.166] medium 3rd
N. FOODS | 0.656 | 3rd |0.317 low 4th
WOLSELEY| 0.092 | 2nd |0.092] high 24t

6 Using neural networksto evaluatethe
fuzzy criterion

In this section, we apply a technique for evaluating
fuzzy expressions suggested in [4,5] and train a
neural network to evaluate investment projects
according to the fuzzy present value criterion. The
time-varying-rate case is considered and the three-
layer feedforward neural net in fig. 4 is employed.
For bias teems 6, sigmoidal transfer functions
g(x)=(1+€*)* and weights wy;, u;, z;, v; , itsoutput is

m N
|PVon= ZVJQEZ(Wjipi+Ujiﬁ+Zjidyi)+9j§- (63)
J: =



Figure 4: Neura net architecture to solve
the fuzzy log present value problem

Let us imply that the network is trained to

approximate the crisp log-present value:
N

| pVir= Zpi‘l [(2-p)(dyi+pi)+k-ri]+p"pn . (6b)
If we input the a-cuts of B, T, dy;, and perform

interval arithmetic within the net to get the
corresponding a-cut of the fuzzy output Ipv,,, the

result is

[Mv'ﬁTnn(E)]: ingEEi (Wii [la)vﬁa)]“hi [@vﬂ@h
2@ ala)- 3 v b Te):
+zjiayi7(a)+ej)), EV@% (wjiﬁa)+uﬁ'f(a)+zﬁayi(a)+ej)%

In order Ipv,, to be an approximation to the solution
Ipvi, described earlier and to provide that Ipv ,,>0
for Ipvi, >0, the following sign restrictions are

introduced on the weights.

WjiZO, uji<0, ZjiZO, VJ'ZO, 1<i<N, ]SjSm, (GC)
Then, if the net is trained to approximate (6b) under
(6¢c), we get

[V an(@). BV (@) = ipifl{<1-p)(ay;<a)+@+k—ﬂa}+
+p~m(a).ipifl{<1-p)(m+m)+k-@}mm@

(6d)

The problem is programmed using the neural
network toolbox of Matlab®. We choose the training
function trainim based on the Levenberg-Marquart
technique, as it is the fastest backpropagation
algorithm available. The toolbox allows function
customisation giving the user control over the

4 All programmesin Sections 3, 4, 5, 6 are written in Matlab.

initialising, simulating and training algorithms. We
have modified trainlm to provide the satisfaction of
the sign constraints. After training, the net is
simulated using test vectors for each project, while
no eement of the training set is included in the test
set. For all companies, msa#nets—targets\ <0.021 and

for most of them msa#nets—targets\ <0.01, where s

stands for the s-th element of the test set. It is a good
approximation and concludes that 1pv,, =Ipvi, .

If an investment decision has to be taken within a
period of time, we can first fuzzify the data using the
information available at the beginning of the period
and then train a neural network to approximate the
fuzzy log present value of the project. The decision-
maker will be provided with the trained network and
at any moment he or she acquires new information,
the net will be simulated with modified inputs.

7 Futureresearch

If one fuzzify the 3N-m-1 network structure from
Figure 4, it will handle fuzzy signals - fuzzy market
data - at once instead of a-cut by a-cut. The fuzzy
network takes fuzzy weights and fuzzy shift terms.
The error of the approximation E is a distance
measure D between the fuzzy log-present value
Ipvs, and the fuzzy neural net output [pvey, -

E :% i OBV, IBvin))® :% i E:)% Pifl[(l‘P)(ayi +hi )+ K —E]+

+pNB, By B Ay, dyn .. 7))
Evolutionary algorithms are the maost promising tool
in training FNN - they are well capable of searching
for the optimal weights and shits while minimising
E. As N is very large, a scalability problem occurs.
To solve it, we suggest a specific algorithm,
bidirectional incremental evolution. The incremental
evolution is applied in training neural networks in
[9], where a control problem in evolutionary
robotics is approached. Unfortunately, it requires
advanced knowledge of the complexity of the
problem. The bidirectional incremental evolution
allows us to overtake this problem. Its major
advantages are the automatic identification of the
complexity of the task, and the automatic change in
the parameters so that the system adapts to the
complexity. Bidirectional incremental evolution has
been already applied in evolvable hardware [12] and
the experimental results have proved it to be a
powerful  technique for  tuning  systems
automatically.



7 Futureresearch

Our effort lies on the bridge towards a new paradigm
of investment selection, where the perception of
concepts inherent or surrounding the investment
process, whose character is not principally
measurable, is best handled by ’'nonnumeric’
mathematics. [1] We presented some preliminary
ideas in [11] and further develop here the technique,
introducing fuzzy dividend yields and a second type
of calibration. We suggest measures of the
investment risk and its robustness. Also neura
network solution is worked out and the number of
companies is considerably extended. Finally a
promising direction for future research is outlined.

The results reveal that there is a critical level of
uncertainty, Ugiica, €mbodied in the market data we
use to assess a project and this level delimits the
project’s investment risk, Ogiica. Evaluating the
same project under increased uncertainty of the
market environment, we derive an estimate of the
risk robustness Aa. Investment opportunities are
first rated in correspondence with their risk and then
the order is revised according to their robustness.
The more robust investments are preferable when
choosing between projects with close risks, and this
suggests an alternative ranking technique. It is
important for investors to pick out projects having
not only a small but also a highly robust investment
risk. The fuzzy present value provides them with the
necessary information and facilitates their decision,
while the crisp technique is less informative and
even misleading. Further, empirical tests have
convinced financial analysts that stock returns are
time-varying rather than constant. In response, we
introduce fuzzy log present value. Finally, a trained
neural network provides investors with an effortless
instrument for risk revaluation, any time they need
to update and reconsider a project.

The mathematics underlying the standard financial
techniques neglects extreme situations and regards
large market shifts as too unlikely to matter. Such
techniques may account for what occurs most of the
time in the market, but the picture they present does
not reflect the reality as major events happen in the
rest of the time. The soft computing approach allows
for market fluctuations well beyond the probability
type of uncertainty, does not impose predefined data
or market behaviour, and efficiently works out a
solution, producing better investment appraisal and
allowing project revaluation.

Acknowledgements
Theauthors are grateful to Prof. James Buckley for
his comments on theinitial draft.

References

[1] J. Aluja (1996). Towards a New Paradigm of Investment
Selection in Uncertainty. FSS, 84, 187-197.

[2] J. Buckley (1987). The Fuzzy Mathematics of Finance.
FSS 21, 257-273.

[3] J. Buckley (1992). Solving Fuzzy Equations. FSS, 50, 1-14.

[4] J. Buckley, E. Elami, Y. Hayashi (1997). Solving Fuzzy
Equations Using Neural Nets. FSS, 86, 271-278.

[5] J. Buckley, T. Feuring (1999). Fuzzy and Neural:
Interactions and  Applications.  Physica-Verlag,
Heidelberg.

[6] M. LiCdz (1990). Towards a General Setting for the
Fuzzy Mathematics of Finance. FSS, 35, 281-293.

[7] J. Campbel, A. Lo, A. MacKinlay (1997). The
Econometrics of Financial Markets. Princeton U. Press.

[8] Dixit, R. Pindyck, S. Sodal (1997). A Markup
Interpretation of Optimal Rules for Irreversible
Investment. National Bureau of Economic Research WP,
W5971.

[9] D. Filliat, J. Kodjabachian, J. Meyer (1999). Incremental
Evolution of Neural Controllers for Navigation in a 6-
legged Rabot. In Sugisaka and Tanaka, Eds., Proc. of the
4™ Int. Symp. on Artificial Life and Robots, Oita U.
Press.

[10]F. Gomez, R. Miikkulainen (1997). Incremental
Evolution of Complex General Behaviour. Adaptive
Behaviour, 5, 317-342.

[11]J. Hunter, A. Serguieva (2000). Project Risk Evaluation
Using An Alternative To The Standard Present Vaue
Criteria. Neural Network World, 10, 157-172.

[12]T. Kaganova (2000). Bidirectional Incremental
Evolution In Extrinsic Evolvable Hardware. In J. John,
A. Stoica, et d, Eds, Proc. of the 2 NASA/DoD
Wor kshop on Evolvable Hardware, 65-74.

[13]D. Kuchta (2000). Fuzzy Capital Budgeting. FSS 111,
367-385.

[14]R. Pike (1996). A Longitudina Survey on Capital
Budgeting Practices. J. Business Finance & Accounting,
23, 79-92.

[15]M. Precious (1987). Rational Expectations, Non-market
Clearing and Investment Theory Clarendon Press,
Oxford U. Press.

[16]R. Ribeiro, H.-J. Zimmermann, R. Yager, J. Kacprzyk,
Eds. (1999). Soft Computing in Financial Engineering,
Physica-Verlag, Heidelberg.

[17]A. Sangster (1993). Capital Investment Appraisal
Techniques: A Survey of Current Usage. J. Business
Finance & Accounting, 20, 307-332.

[18]A. Serguieva, mimeo, Brund University, 2001.

[19]A. Serguieva, J. Hunter (2000). Investment Risk
Appraisal, Deprt. of Economics & Finance WP, 00-15,
Brund U.

[20]R. Stulz (1999). What is Wrong with Modern Capital
Budgeting? Address delivered at the Eastern Finance
Association meeting, Miami Beach.

[21]L. Zadeh (1965). Fuzzy Sets. Information & Control, 8,
338-353.





