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Abstract
In Brazil, managing investment funds through artificialeiligence-based systems is an
activity still in its developing stages, however, in 2006rttenaged volume reached 0,8% of

the 800 billion reais negotiated by the fund industry in BréBALTAZAR, 2006).



Considering the growing demand for this type of computing tosy;stem based on the Fuzzy
Logic has been developed to propose a method to developiopestrategies in the stock
market, with the possibility of improving investment opsonGenerally speaking, in
applications involving Fuzzy modeling and systems, it is coevertb use a cost function
expressing the deviation between the desired results asd shpplied by the system and, by
means of a parametric adjustment, we obtain rules rimaimize the cost function. The
obtained results picture the efficiency of the adjestiralgorithm developed and motivates
future investigations.
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1. Introduction

According to Ross (1995), the role of the financial marketo promote the encounter
between two converging interests: Acquiring resouaras saving resources. The financial
market is very important for today’s society, becdlitsallows a permanent adjustment of the
financing needs and capability of the economic agentsmpanies, financial institutions,
individuals, Government and public groups” (SAINT-GEOURS, 1998).

According to Bovespa (S&do Paulo Stock Exchange-2000), Birazédconomy is going
through several changes where organized production formsdearedoped and competition
and productivity have increased. The new productive paradégimires a capital increase.
Due to this fact and also to the lack of old financingmeisms, besides the stabilization and
return of economical growth, companies have become megrested in open capital. Some
companies that until recently did not consider thatahmarket as a financing source, have
started to change their thinking and attitude. To further amief this paradigm, new
companies without some of the traditional bad habits legppeared, and see the capital

market as an alternative to obtain resource. In gertbeaprejudice that prevented companies



from searching for financing in the capital market has beptaced by an open mindedness
that appreciates its importance as a financing source & cemditions for sustainable
growth in it.

However, the changes in the capital market developraéthgugh favorable, are not enough.
There are many aspects today that halt this developmemty BIf them do not have a short
term solution. The tax structure is counterproductive &edjdes, it burdens the variable
income operations with the CPMF (tax on financial trate;lack of management structure
in the Comissdo dos Valores Mobiliarios (securities @&xdthange commission), the
preferential shares stock. All these factors implthim lack of quality papers in the market, of
well structured and solid companies with good growth perssc(BOVESPA, 2000).
Despite some factors that still stem the effectiseeibpment of the Brazilian capital market,
a new type of computer tool appears in the world marketitdvas strongly changed the way
we work. Dealing with challenges expressed in mathenhaéioas, the computer is indeed an
excellent tool. The investment funds management throagipaters has reached 1.5 trillion
dollars, 7% of the total negotiated in the world. Theycamaputer systems based on artificial
intelligence which, besides executing financial assetismatbns, also buy and sell them.
They are called Quantitative Systems and, accordirgrésearch based on seventy American
investment funds, it has been shown that they presdierbesults than their human
competitors. Management by these systems is in itssfieps of development in Brazil, but in
2006 the volume thus managed doubled, reaching 0.8% of the 800 b#i#s tRaded by the
funds industry in the country (BALTAZAT, 2006).

Based on this information, a computer system was dewtlogieg the historical data made
available by Bovespa on the stock in its trade portfadiatistics tools and an artificial
intelligence technique called Fuzzy Logic, with the obyectf estimating the value of stocks

at Bovespa and thus obtaining the best investment options.



2. Stock market analysis tools

According to Noronha (2007), there are basically two metliodanalyzing stock value in
the capital market: fundamental analysis and techaicalysis. Fundamental analysis takes
into consideration the study of the causes of mank@tement. The fundamental school
considers studies originated in economic-financial aisalyscompanies, their management
patterns and the growth perspective in their segmenpefform this analysis, the behavior of
the micro and macro segments of economy is obseR@dChaves (2004), the objective of
fundamental analysis is to calculate the asset'shéntrvalue, which is compared to the
market and classified as satisfactory, evaluated or subaged. Next step is to decide and
define which asset shall be negotiated.

On the other hand, technical analysis takes into acdbanmnarket movement. The technical
school uses information from data generated by prices ammhdss volume oscillations,
statistic charts and indicators, focusing on the hishbnmarket behavior to determine its
current or future situation. The main objective of thdnibézal analysis is to know when is the
best moment to buy or sell an asset. For Murphy (198&)nteal analysis is based on three
principles: all the information on the agents and thexpectations, as well as the
psychological, political and economic fundaments aréuded in the market price; prices
change according to tendencies; and the price behavibe ipast repeats itself in the future.
According to Noronha (2007), technical analysis does nosider the reason why prices
change, but the reflexes in prices caused by their agetgsaction. For technical analysis,
even if we know the fundamental factors affecting phiee of a product or a company’s
stock, such as weather, strikes, political decisionsdantand factors, we will not have all the
factors needed to understand the changing in prices, bet#@is®t those factors that affect

them, but the way the market agents react to thoser§adtor technical analysis, it is the



market that should be studied, because it is the onlg pihere offer and demand, the mass
psychology with its fears, beliefs, and expectatimeet (BORGES, 2007).

As the fuzzy systems used here are built from hisdbdata of the stocks, this study is based
on technical analysis for, from a data set availablthe market, it aims to estimate which
will be the values assumed by the studied stock, thusnotgahe advantage of knowing the
right moment to buy a certain asset and the best mameell it, getting the highest profit in
the operation.

3. Fundaments and use of the Fuzzy Systems

According to the work of Shaw and Simdes (1999), thellesst great disparity between the
creative ability of a person to solve problems and tlssipdities that computers provide for
such solutions. This is due to the fact that humarsoreen an uncertain, variable way, while
computers work by precise, binary reasoning. A system tlatsathe machines to reason in
the same imprecise way as human beings is calledtaltigent system. Hence the term
artificial intelligence, representing the study of hp@ople solve problems and how machines
can use this behavior to solve problems.

Fuzzy logic is a tool that uses the human way of reagotd work in a control system.
According to Yen and Langari (1999), fuzzy logic can besabered from two points of view.
The first, in a strict sense, sees it as a log&gyatem that generalizes the binary logical
system. The second, in a comprehensive sense, seesldigazyas all the theory and
technology that employ fuzzy sets, classes witholitdedined boundaries.

In the study of Gomide and Gudwin (1994), fuzzy logic camdmepted as the best way to
represent human reasoning, which is partial and approxin@tedy modeling and control
are tools that aim to deal strictly with qualitativeoirthation.

Yen and Langary (1999), considering the basic concepts of fagic, explain: fuzzy sets;

linguistic variables; distribution and possibilities; fuzeyes of condition-action.



A fuzzy set is a set with a gradual boundary. The fussty generalizes the classical set,
because it allows a degree of partial membership of eaafeat in relation to the set. For a
classical set, an element belongs or does not beloaget On the other hand, in a fuzzy set,
an element has a certain degree of membership in relatitime said set. This degree is
defined in the interval [0,1], where 0 means total exclusadran element in relation to the
set, 1 means total inclusion of the element and any J@t®een these two represents a
partial membership.

Linguistic variables are the composition of a symbwdittie and a numeric value. A linguistic
variable assumes values in a set of linguistic ternexpoess the concepts and knowledge of
human communication. For example, a ‘weight’ lingaistariable may have the terms {Low,
Medium, High}. To assign the terms a numeric meaninggaith one of them we associate a
fuzzy set, defined from a common speech universe, in disis represented by the linguistic
variable 'Weight'.

Distribution of possibilities is the result of thesasiation of a fuzzy set to a linguistic
variable, to make known the membership function that otenthis association, that is, which
membership values each element of the linguistic vanaitl@ssume in relation to the fuzzy
set.

Fuzzy rules of condition-action associate a sebofltions that describe parts of input data to
an output action that will modify the system to tleguired conditions. Also called fuzzy
rules, they are linguistic propositions given in thstegn input variables. For example, it may
be that for a “High weight” the rule associatesdbatrol action “Cut down fat ingestion”.

After some basic definitions of fuzzy logic, we will d@aore specifically with the use of this
technique for complex system implementation.

According to Gomide and Gudwin (1994), the first step forttaditional implementation of

a process is the derivation of the mathematical mihdelgives the detailed description of the



process. Such proceeding requires a detailed knowledge pfabess, something practically
unfeasible for complex systems.

Kruse et al. (1994) says that a method of simplifying cormm@gstems is to use an
imprecision and uncertainty logic during the modeling phdéth fuzzy control systems, the
attention is turned to decreasing complexity, achievedhbyirtelligent use of imperfect
information. The quality of a model should not be meaduoy the precision degree of
isolated data, but by the consideration of criteria suclacasiracy, integrity, adequacy,
efficiency and convenience in use. Therefore, it is nsumprise that a model presenting
reduction of the system complexity by the inclusion giéniect information can be better.
According to Hiemstra (1994), an adequate support systentdok sivestment decisions
gives a precise prediction model that must define amik #nowledge to offer a clear and
interactive prediction. Fuzzy logic serves the purpbseause fuzzy systems are approximate
models of Input-Output functions that do not require aheragtical model of how the
Outputs depend on the Inputs.

According to Bilobrevec et al. (2004), fuzzy inferencsteyns are applicable to problems that
do not yet have methodology that is adjusted to resalwimd control. Simplicity and low
cost are extremely favorable factors to the fuzzy syste

Considering this information, this study on stock valugegion was based on fuzzy logic,
because the object in question represents a complex sgétehich the ruling mathematic
system is unknown.

4. Multilayer Fuzzy System Model

Fuzzy inference systems can be understood as systemss¢httte concepts and operations
defined by the fuzzy set theory, using the fuzzy inferenoegss to perform its operational
functions. Basically, these operational functionstam the fuzzification of the system inputs,

the inference of the associated rules, the aggregatiotheo rules and the posterior



defuzzificaton of the aggregation result, that is, thigat or outputs of the fuzzy system.

We can observe from this that fuzzy inference systbenge distinct and clearly defined
functions. Therefore, to understand such systems, theybe represented by a multilayer
model.

Considering the operational functions performed by furigrence systems, a three-layer
model is convenient to represent them. Thus, the fuzarente system proposed in this
thesis can be given by the sequential composition ohih layer, the fuzzy rules inference
layer and the output layer.

The input layer functions as connection of the inputiabdes (coming from the outside
environment) to the fuzzy inference system, as well & tluzzyfication through the
membership functions associated to each input.

In the fuzzy rules inference layer, or simply infeze layer, the fuzzyficated input variables
combine with each other, according to defined rules, usingpgéerations defined by the fuzzy
set theory as support.

The results of each individual rule are aggregated fadiguva specific method, thus forming
the output fuzzy set. This set is then defuzzyficatediltieg in the fuzzy inference system
output. The aggregation process and the defuzzyfication ggafethe output fuzzy set are
executed by the output layer. It is important to obsehat the output layer, besides
performing both processes described above, is also réisieofts storing the membership
functions of the output variables.

The three layers involved in the proposed multilayer fusstem are presented with more
details in the next section.

4.1. Input Layer

As presented before, the fuzzy inference system inpat agnnects the inputs from the real

world to the fuzzy system, and performs the fuzzyfwatof these inputs according to



membership functions associated to the fuzzy system.

The system inputs' fuzzyfication determines the membershig@edreach input in relation
to the fuzzy sets associated to each input variablen&dsy fuzzy sets as necessary can be
associated to each fuzzy system input variable. Therefiren a one-input fuzzy system,
and to this input associatétl membership functions, that i, fuzzy sets defining the said
input, the input layer output will be a column vector witlelements representing the input
membership degrees in relation to these fuzzy sets.

If this one-input fuzzy system input is defined by scalehe fuzzy system input layer output

will be vectorY, that is:
v()=pl)=| P2 0

where pk(.) represents the membership function defined forxtleput related to thé-th
fuzzy set associated to this input.

The generalization of the concept of input layer for ayuzystem withm input variables is
done if each of these fuzzy system inputs is modeled avisublayer of the input layer.

Therefore, the output vector of the input layéx) can be represented as in (2), that is:

y® p(l)(xl)
Y @ (2)

R :(Xz) )
y (m p(m)(xm)

where x is thei-th input of the fuzzy systenp®(.) is thek-th vector of fuzzy inference
function associated to the and Y™ input. Each sublayer has its own fuzzy sets defined by
the fuzzy inference functions vecta¥(.).

Therefore, vecto¥(x) given in (1) is defined as the vector concatenation abvey Y, Y @,

..., Y™ _For a system with two input variables, the expres&dmould be:



Y (X)=[pP00) pO(x) - @00 | B2 0s) B (%) F (x)]

p®(x) p@ (%)

As an example, Picture 1 shows the fuzzy sets asstd@ta two-input systenx; andx;,
with three fuzzy sets in each one.
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Picture 1 — Representation of the multilayer fuzzy systgmts

As mentioned previously, the membership functions defiaefulhzy sets associated to each
input. In the input layer, it is the membership functidreg determine the membership degree
of each variable in relation to the fuzzy set definedhieyn.

Membership functions can be defined through any functioe. drly requirement of such
functions is that they be defined in the closed domain .[Hjbvever, it is convenient to
define the membership functions in a simple way, propeheoréspective computational
implementation, for higher processing speed and rationaldameuse.

4.2. Inference Layer

The inference layer of a fuzzy system processes the fuference rules defined for the
system. The inference layer also provides a knowledge baghe process in question. The
inference rules are processed together, in the samasmhe sublayers of the input layer.

In this context, the definition of this set of rulssfuindamental for the accurate functioning of
the fuzzy inference system. There are several mistho extract the fuzzy rules from the

adjustment data set.



Weighing the inference rules is an adequate way of reptieg the most important rules in
the fuzzy system, or even allowing conflicting rulescterelate without loss of their verbal
completion.

Thus the-th fuzzy rule is represented as in (4):

R (¥ (x))=wir; (v (x)) (4)
where R(.) is the function representing the weighed valuehefiith fuzzy rule,w is the
weighing factor of theé-th fuzzy rule and;(.) represents the fuzzy value of ikih fuzzy rule.
4.3. Output Layer
The fuzzy inference system output layer aggregates thetfe rules and defuzzyficates the
fuzzy set generated by this aggregation.

In the fuzzy inference system project, the choicébath the aggregation method and the
defuzyyfication method is a very important decision. abgregation method of the fuzzy
inference rules must be such that the fuzzy settmegutom the aggregation can adequately
infer the knowledge specified by its fuzzy rules set. |dgiaally, the chosen method for
defuzzyfication must express, in a non-fuzzy value, the fsetyresulting from the fuzzy
aggregation.

Besides these operational aspects, the aggregation andydiefatzon methods must comply
with the computational performance requirements, wuge the computational struggle
necessary for the fuzzy system processing. This study aseaggregation method the
‘maximum’ operator and as defuzzyfication method the ‘aceater (PEDRYCZ &
GOMIDE, 1998), producing one only defuzzyficated system output.

Here, the fuzzy system output layer is also adjusteadl,isanepresented by fuzzy sets of the
output layer. The adjustment of this layer happens inmalas way to the input layer
adjustment. Picture 2 presents a chart of the mysdtilfuzzy model for a system with two

inputs and three activated inference rules.



Picture 2 — Multilayer fuzzy system

4.4. Fuzzy Inference Systems Structural Adjustments

Generally speaking, in applications involving identificatafrfuzzy systems and modeling, it
is convenient to use cost functions expressing the devibdbmeen the wished results and
the results given by the fuzzy system. Thus, this funotian be expressed in terms of the
average quadratic error between the fuzzy system outguthenwished results, which are
given in form of a training set, similar to the adiéil neural networks with supervised
training. Besides the average quadratic error, some datarregiden indicators can be added
to the cost function to improve the system responseige rin the training data.

Even though it creates a new task in the creation pradese fuzzy inference system, the
definition of the cost function associated to the eysttogether with the techniques outlined
in this study, save work during the membership functions tunegestand creation of the
fuzzy inference rules.

The creation algorithm of the rule base used here edbas the optimization algorithixill
Clibing (ROGER JANGet al, 1997). Therefore, the developed process aims to pedorm

search in a determined valid space. Formally, givermachespacs& and a feasible s&, F [



S we findr” such as the expression (5) is true, that is:

&r*)<é&r); OrOF ()
where &.) represents the cost function associated to theyfagstemy is a determined rule
base belonging to the set of all the valid rule baseds*arepresents the rule base giving the
smallest value to the cost function in relation t® fdasible regiof.

However, the search for a rule base that minimizestst functiorf is very complex, since
the universd- representing all the feasible rule bases has innumerasdibpities. Besides,
the surface defined b§ is made of points of minimums and maximums, thus comjsiog
the search for a solution which satisfies the glomaimum condition.
Therefore, it is convenient to adopt search stratdbmtsoperate locally. The expression (5)
can then be changed as follows:
gr)<er®); 0rPoNr (6)

where:

N ={r@OF :distr®,r®)<g 7)
wheredist(r'?, r®) is a function that determines the distance betw€tandr®, ande is a
constant that defines the neighboring functionush.).
Therefore, due to the complexity of the search gge®f a base rule that satisfies condition
(6), the structural optimization algorithm propodesie operates in two different phases. In
the first phase, several rule bases are chosemabm. The base rule offering the lowest cost
is accepted. This way, the search space will beictesl to a limited area defined by the set
N(r), wherer® represents the rule base chosen that offeredest cost compared to the
others.
Taking as starting point the rule ba$e chosen in the first phase, in the second phase the
local adjustment is done through the insertionitté Ivariations in the original rule base. If

the inserted variation causes a cost reductiorh gagdation is accepted and the process goes



on until no significant improvement is observedtie system by a certain number of
iterations.
4.5. Fuzzy Inference Systems Parametrical Adjustments
This section presents a method of fuzzy inferengstesn tuning based on error
backpropagation algorithms and optimization techesy This method minimizes a cost
function associated to the fuzzy inference system.
The formalization of a fuzzy inference system imaltilayer system, as presented in Section
4.5, can be justified not only by the distinct cgiemal division of each of these layers, but
also by the presence in each of them of distiret frarameters. As previously shown, in the
input layer we have the parameters of the fuzzy wetmbership functions of the system input
space; the rule weighing is in the fuzzy inferetager; the parameters of the fuzzy sets
membership functions of the output space are itiput layer.
Considering that the adjustment sef ¥} is fixed during all the adjustment process, thiea
cost function responsible for the tuning of theefgarameters of the fuzzing mappmx -y
can be written as follows:

£, =E(h(1),h(2),h(3)) 8)
whereh®, h® andh® represent respectively the vectors of the inpunbership functions
parameters, the inference rule weighing vector &mel output membership function
parameter.
Therefore, after the minimization of the cost fumectég the several free parameters
incorporated in vectord®, h® and h® will correspond to the values that minimize the
respective cost function.
Consequently, the problem of parametric adjustnedné fuzzy inference system can be
interpreted as an unrestrained optimization probtbat can be solved by any available

method. This study used the descending gradierfiadeor the cost function minimization



and the calculation of the gradient was estimasiguthe difference equation method.

To elucidate this adjustment process, take a faggiem with one variable with two Gaussian
membership functions in the input layer; three sutethe inference layer; and one variable
with two Gaussian membership functions in the outlayer. Thus, the vectors with

parameter&®, h® andh® will be:

h=[u? of : p o' ()
e =fwy w, " (10)
W =[us of g ofl" (11)

where;® ando® are respectively the average and the varianchedfth input membership

function; wi, w, andws are the fuzzy rule weighing factons’ and o;® are respectively the

average and the variance of tié output membership function.

In case of layer by layer adjustment, simply appl/descendent gradient method to each one

of them. For the second layer, the following expi@s represents the rule weighing factors:
h® k) =h@ (k -1) +nmE(h? (k-1)) (12)

wheren is the learning rate. Here, the gradient vetifth) can be generally given by:

;
no| 08 0§ 0g
B = o) and  onf) 12)

where hi(') represents theth element of the parameter vectd? andn is the number of

elements of this vector. In this case, as the &inalyexpression of the gradient vector is
difficult to obtain, we use its numeric approxinaatithrough the difference equation method

(DENNIS & SCHNABEL, 1983), that is:

0NV +p[@)-E(h")

(14)

wherep is a very small value argi= [0 0...1...0], where the element 1 is in the position



The cost functiony in this case is the average quadratic error fancim relation to the

tuning standardp, that is:

P
=2 Eatn (15)
k=1

whereg is the quadratic error in relation to tkh training standard, that is:

Eqe) = (di ~¥)? (16)
whered is the wished output value in relation to Kah training standard ang is the output
given by the fuzzy system also in relation tokhé training standard.

5. Results of Computational Simulations

Computational simulations were carried out basedhmtorical values of quotations by
Bovespa in 625 days of financial trade. Of all stecks negotiated by the said market 47
were chosen. The stocks used in this study wersechoonsidering the stocks traded on all
days of the study horizon, so we used the stodk misiness in all 625 days of the study.
Therefore, the objective of the fuzzy system dgwedbwas, with data obtained from stocks
guotations, to estimate the stocks behavior farrtuvalues, based on the temporal behavior
of the whole set of stocks under observation. p&st horizon used for the estimation was
five days, making 235 input variables.

The great number of input variables for the estibmabf the stock temporal behavior can
make the direct application of estimation methadpdssible, including the fuzzy inference
system. There was then the need to pre-procesdataeto reduce their number. In this
context, the technique of analysis by principal ponents deserves attention. This technique
investigates the input variables spaces to obtair tespective principal components. The
original variables can be obtained from these camapts by simple linear combination. In
other words, the analysis technique by principahgonents gives a transformation matrix.

This matrix reduces the dimension of the inputalalgs used in modeling the studied system.



The application of the analysis technique by ppaticomponents in this study reduced the
variable number from 235 to only eight. Thus, ime&r combination it is possible to rebuild
the original 235 variables from these eight vaeabl The principal components are
graphically represented in terms of their tempbedlavior in Picture 3.

Each of the 47 stocks used in the study was estdnay fuzzy inference systems adjusted
according to the algorithms presented in SectioBe®h of the fuzzy inference systems was
constituted by eight inputs, that is, one for eacincipal component. Each of the inputs,
denoted in terms of fuzzy logic from speech unigsyshad a total of three membership
functions. The rule base used consisted of 10 fuales. The system output, like the input,

had three membership functions.
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Picture 3 — Temporal behavior of the principal components asedtimation variables of

future stock quotation

To illustrate how the proposed algorithm is abladgust the fuzzy inference systems, Picture
4 shows how the average quadratic error was reddoedg the adjustment algorithms

iterations.



Picture 4 — Average quadratic error during the adjustmentggatahe fuzzy inference system

In Picture 4 we can see the sharp reduction ofawerage quadratic error during the
adjustment algorithm iterations, reflecting thepmsed technique efficiency. Complementing
the presentation of the obtained results, the giapRicture 5 shows the wished values
compared to the estimated data for the stock codedpa EBTP4.

In Picture 5 we can verify the model's efficienayeistimating the data for the investigated
stock. Complementing the presentation of the obthiresults for the investigated stock,

Picture 6 shows the histogram of the estimatioatired error.
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Picture 5 — Real values and estimated values for stod& Bovespa EBTP4
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Picture 6 — Histogram of the relative percent erroegimmation of future values of stock code

Bovespa EBTP4

In Picture 6 we can verify the great proximity dietrelative error distribution with the
Gaussian distribution. The average error was -@Q¢ith standard deviation of 0.1710. The
fact that the estimation error distribution hasau&sian behavior leads to the conclusion that
the presented approach deserves more investigatibrihe possibility of even better results
than the ones here demonstrated.

6. Conclusions

The objective of this study was to present the gweents made for the estimation of stock
future values from a horizon of past values. Thazbo used for the estimation was 5 days
and a total of 47 stocks were elected as estimatioiables. The reduction of the input space
was obtained by the analysis technique of princgoahponents and fuzzy inference systems
were used for the aimed estimation.

The results obtained show the efficiency of theedtgyed algorithm adjustment and motivate

future investigations to improve the studies sunizedrin this article.
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