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Abstract 

This paper presents a new application of fuzzy logic: forecasting the direction/sign of the 
change in price levels. In order to test this approach, it was applied to forecast the direction of 
the movements of the Sao Paulo Stock Exchange Index (IBOVESPA). The study period 
extends over 2,000 daily observations, from January/1997 to February/2005. The first half of 
the observations was used for parameters estimation, while the second half was used for 
forecasting. Despite the model produced a linguistic output, it was possible to delineate a 
statistically significant investment strategy, which outperformed a buy-and-hold one. For 
futures applications this proposal could be enhanced through the use of other economic and 
non economic informations, including intuition, to help investment decisions and to produce 
even better forecasts. 

Keywords: Fuzzy logic, Forecasting, IBOVESPA Index  

 

 
1. Introduction 

 
Since the 1980’s the literature related to financial time series has produced important 

studies that have questioned the (weak) efficient market and the random walk hypotheses 

(e.g., see Lo and Mackinley, 1988; Poterba and Summers, 1988; Fama and French, 1988). 

These authors claim that considerable evidence exists that stock returns are to some extent 

predictable. They show that there are strong evidences of conditional heteroskedasticity in 

many financial time series, meaning that these time series returns are not independent and 

identically distributed as established by the random walk model.  

These facts have provoked theoretical and practical interest in nonlinear financial time 

series models based on techniques like auto-regressive moving-average (ARMA family), 

generalized auto-regressive conditional heteroskedasticity (GARCH family), and more 

recently, methods based on artificial intelligence like artificial neural networks (ANN), 

genetic algorithms (GA), and fuzzy logic. 

                                                
* Corresponding author. This work was partly supported by Capes Foundation, Brazil, while Newton da Costa, 
Jr. was a visiting scholar at Universitat Pompeu Fabra, Spain. 
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Basically, predictability of financial time series can be seen in two different ways: 

Forecasting by level estimation models and forecasting by classification models. The first one 

relies on accurate prediction of the price level of stocks, indices, and others financial series 

instruments. The degree of accuracy and the acceptability of the forecast are measured by its 

deviation from the actual observations, minimizing forecasting errors. Examples of this 

approach are given by Teixeira and Rodrigues (1997), Rodrigues, Torra and Félix (2005), 

Ribeiro and Silva (2005), who compared many artificial intelligence based methods with 

random walk and other linear models, concluding that ANN methods are among the top 

performance ones. Some methods commonly used for forecasting the level of financial time 

series are adaptative exponential smoothing, multivariate transfer function, Kalman filter, and 

multilayered feedforward neural network. 

The second way is guided by forecasts on the direction/sign of the change in price 

level. This approach is defended by some authors (e.g., see Wu and Zhang, 1997; Aggarwal 

and Demaskey, 1997; Tsaih, Hsu and Lai, 1998; Leung, Daouk and Chen, 2000; Leung and 

Daouk, 2003; Kim and Chun, 2005), who claim that trading driven by a certain forecast with 

small forecast error may not be as profitable as trading based on an accurate prediction of the 

direction/sign of the movement. Some techniques commonly used as classification models are 

discriminant analysis, logit and probit models, and probabilistic neural network. 

In line with the latter view, this study suggests the application of fuzzy logic in order 

to forecast the direction of the change in price level. Differently from Huarng and Yu (2005) 

and Yu (2005), which also use fuzzy logic, but in a different context, the proposed model does 

not return an exact output, but a probabilistic output of linguistic variables. This linguistic 

output can be used with other economic and non economic information, inclusive intuition, to 

help investment decisions.  

It is worth noting that our approach does not intend to refute or to be compared with 

other parametric and nonparametric models, but to propose a new solution, based on fuzzy 

logic concepts. 

The paper is organized as follows. In the next section it is given a brief summary of 

fuzzy logic and its concepts. Section 3 presents the construction of the proposed model. 

Section 4 presents the final results and Section 5 discusses and concludes the work.  
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2. Fuzzy Logic 

In binary logic, which was initially formulated by the Greek philosopher Aristotle (384 – 

322 A.C.), a proposition is either true or false. This type of logic assumes that the states of 

nature are well defined events. However, in most contexts like in the accounting and business 

areas, the states of nature are vague, and transitions between ‘what is’  and ‘what is not’  are 

not very well defined.  

Zadeh (1965) published the first paper about fuzzy logic called “Fuzzy Sets” . The model 

was developed to convert subjective values into objective values. A fuzzy set does not have 

precise and limited boundaries; the difference between belonging and not belonging does not 

exist, but a degree of pertinence. According to Zebda (1998) fuzzy sets theory is not a 

decision theory but rather a calculus (a modeling language) where vague humanistic events 

can be treated in a systematic manner.    

The main objective of fuzzy logic is to provide concepts to perform approximate 

reasoning. Fuzzy logic assumes a degree of pertinence within the 0 to 1 range, which permits 

the fuzzy set element to be partially true or partially false. 

Bojadziev and Bojadziev (1997, p. 9) define a fuzzy set as:  

( )( ) ( ) [ ]{ }1,0,|, ∈Α∈=Α′ xaxxax µµ , 

where ( )xaµ  is called function of pertinence and specifies the grade in which each element x  

in A belongs to the fuzzy set Α′ . 

According to von Altrock (1997), the theory of fuzzy sets is a generalization that covers 

the classical sets where ( )xaµ  = 0 or ( )xaµ  = 1. In other words, the classical sets are special 

cases of the fuzzy sets. Table 1 and Figure 1 show the differences between classical and fuzzy 

sets. 

Figure 1, Part A, uses classical logic. If the IBOVESPA index variation is positive, the 

variation is considered “up”  and if it is negative, the variation is considered “down”. There is 

a rough transition between “up”  and “down”. Infinitesimal negative values are classified as 

“down”  and infinitesimal positive values are classified as “up” . However, the market could 

classify both values as the same information and a system based on classical logic could 

present not a good performance. Figure 1, part B, shows how fuzzy logic can be used to give a 
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smooth transition between “up”  and “down” variations.  

 

3. Methodology 

  

Figure 2 illustrates the proposed model, based on the software FuzzyTech®. This 

model is divided in three main parts: the fuzzification of input variables, inference rules, and 

defuzzification of output variables. Here, fuzzification (defuzzification) is understood by the 

conversion of a numeric (linguistic) value into a linguistic (numeric) one. 

However, our conceptual model was divided into four main parts: 

• Choice of variables for the forecasting model and definition of the data sets for 

training and testing; 

• Fuzzification; 

• Inference rules; 

• Output variables. 

Each of these parts is described in the next sub-sections. 

 

 

3.1 Choice of variables to the forecasting model and definition of the data sets for  

training and testing 

 

The percentage variations of IBOVESPA index in the three days before the day to be 

forecasted were chosen as input variables. This choice is based on O´Connor, Remus and 

Griggs (1997). They show that individuals present different tendencies and behavior for up 

and down series. In that way, people could make decisions based on recent information. As an 

example, if a stock price increases during many consecutive days, it could provoke a selling 

behavior that would drive the stock price down, despite of a positive macroeconomic 

scenario. On other hand, if the stock price decreases during many consecutive days, it could 

provoke a buying behavior and a tendency to increase the stock price, despite of a negative 

macroeconomic scenario.  

A total of 2,000 daily data sets were collected, with the percentage variation of the 
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forecasted day plus the three previous days.1 The data were collected from the site 

http://www.investshop.com.br. The total period extended from January 8, 1997 to February 2, 

2005. 

In order to calculate day d percentage variation, the following formula was used: 

( )
1

1

−

−−=
d

dd
d V

VV
Var , 

where dVar  is the numeric daily variation or return of the IBOVESPA index in day d, dV  and 

1−dV  are the IBOVESPA index values in days d and d-1. 

The first 1,000 daily data sets were used for in-sample estimation, covering the period 

from January 8, 1997 to January 22, 2001. The second 1,000 daily data sets were used for out-

of-sample evaluation, covering the period from January 23, 2001 to February 2, 2005. 

 

3.2 Fuzzification 

 

All numerical input variables must be converted to linguistic variables. In this work, 

the input linguistic variables adopted were “up”  and “down”. To accomplish this task, 

pertinence functions were developed. Figure 3 shows these pertinence functions for the 

linguistic variable d_1, related with the variation of the day d-1, the day before.  

 

3.3 Inference Rules 

 

After the fuzzification of all input values, the next step involves the establishment of 

inference rules. These rules represent the manner in which humans make decisions, inferring 

from linguistics premises. For this part of the proposed model, 24 inference rules were created 

with the help of the software FuzzyTech®. These rules are logical statements, and to each rule 

it can be assigned a value from zero to one, called Degree of Support (DoS), that depends on 

the characteristics of the based sample. When a rule is assigned with a DoS equal to zero 

(one), the rule is considered insignificant (significant). The DoS also allows for values 

between zero and one for partial significant rule. Below is an example of one of the used rules 
                                                
1 Also, it was used the percentage variation of the previous 4 and 5 days with similar results.  
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in our model. 

 

I f ( d_3 = “up”  and d_2 = “up”  and d_1 = “up”) 

Then d = “up” , with a DoS (Degree of Support) of .44. 

 

In order to establish the inference rules, from the 1,000 training sets, 557 

characteristics sets were selected. These characteristics sets had the values of d_1 associated 

to 100% “up”  or 100% “down”, the values of d_2 associated to 100% “up”  or 100% “down”  

and the values of d_3 associated to 100% “up”  or 100% “down”. Table 2 shows these sets 

distribution.  

For a preliminary verification of the model it was selected, from the 1,000 test sets, 

422 characteristics sets. Same as before, these sets had the values of d_1 associated to 100% 

“up”  or 100% “down”, the values of d_2 associated to 100% “up”  or 100% “down” and the 

values of d_3 associated to 100% “up”  or 100% “down”. Table 3 shows these sets 

distribution.  

Figure 4 presents the probabilistic distribution of the training and testing data when the 

input is the set “d_3 = down; d_2 = up; d_1 = down”. The up and down probabilities are very 

similar. In this situation, the investment manager has no additional information to help his 

decision. 

Figure 5 presents the probability distribution of the training and testing data when the 

input is the set “d_3 = up; d_2 = down; d_1 = up” . In this case, the up probability is superior 

to the down probability. In this situation, the investment manager could use this additional 

information to help his decision. 

Based on the probability distribution, the inference rules were developed using 

FuzzyTech®. Table 4 presents the 24 rules used. 

 

3.4 Output variables 

The output of the model will be denominated d, which represents the variation of the 

IBOVESPA index in the forecasting day. The output of the linguistic values adopted was: 

down, flat, and up. In this work the defuzzification was not necessary. The linguistic values 

were used as output variables, corresponding to the probability of the index showing a down, 

flat, or up behavior. 

The output variable d can be represented as a vector of dimension 3x1 as shown 
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below: 

ZZ
Z
[

\
]]
]
^

_
=

3

2

1

d

d

d

d , 

where 1d  is the linguistic component “down” of output d, 2d  is the linguistic component 
“ flat”  of output d, and 3d  is the linguistic component “up”  of output d,  

Figure 6 shows the output graphic to the output d for March 27, 2001. According to 

the model, the probabilities of down, flat, and up are 38%, 14%, and 48%, respectively. 

 

4. Results 

After the model estimation was completed, a buying and selling strategy was applied 

to the IBOVESPA index which served as a surrogate of an investment fund.  

In days in which the linguistic component “down” is greater than a variable called ε, 

the money is withdrawn from the fund, and applied again in the next day. For example, if ε = 

.5 it means that the money will be withdrawn from the fund when the “down” probability, 

indicated by the fuzzy model is greater than 50%. Implicit in this strategy is the supposition 

that the fund is able to buy and sell stocks in the same proportion as the IBOVESPA index 

stocks. 

Briefly, the algorithm used was:  

I f ( id1 >ε ) 

Then iα = 0 

Else iα = 1 

Where d1i is the linguistic component “down” for the day i, αi = 1 means that the 

money must be applied in the fund at day i, and αi = 0 means that the money must be 

withdrawn from fund at day i. 

For the model simulation, the premises of a “ frictionless market”  were adopted. In 

other words, all the costs related with transactions were considered as inexistent. However, to 

counterbalance, the return that could be achieved by investing in the open market in days 

when the money is withdrawn from the fund was not taken into account. 

In order to calculate the buy-and-hold strategy returns, the following formula was 

used: 
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( )100/1
1000

1
di

i

Var+∏
=  

Actually, the value given by the above equation is the total return from the 

IBOVESPA index during the test period.  

The fuzzy based strategy return is calculated by the following formula: 

( ) ( )[ ]idii
i

Var αα −++×∏
=

1100/1
1000

1  

In this last strategy it was simulated the use of several ε values. Table 5 presents these 

results. 

The buy-and-hold strategy shows an overall return of 41.48% on the test period, from 

January 23, 2001 to February 2, 2005. As can be observed, if the ε value is greater or equal to 

.53, the return will be equal to the fuzzy strategy return, because the fuzzy system returns no 

output with the “down” probability greater than .53 for the test period. Table 5 shows that the 

fuzzy based strategy presents returns up to 77.80% in the same period. In absolute values, the 

fuzzy model outperforms the passive strategy up to 36.33% and, in relative terms, up to 

87.58%, with a one-tailed t statistic of 1.26, significant at 10% level.  

Generalized Sharpe index for passive strategy was 0.0278 and Table 5 presents the 

generalized Sharpe index for the fuzzy strategy (with each ε value). Figure 7 shows the 

passive and fuzzy strategy profitability (with ε = .505) of one monetary unit investment 

during the 1,000 day test period. 

 

5. Conclusion 

This study presents a new approach, based on fuzzy logic to forecast the direction of 

movement of the IBOVESPA index using the FuzzyTech® software. The sampled period 

comprised 2,000 daily observations of the index, from Jan/1997 to Feb/2005. The first half of 

the observations is used for the estimation procedures, while the second half is used for 

forecasting. 

The proposed model returns a non exact answer, with a probabilistic output. Despite of 

this imprecision, the model output could proportionate a (statistically significant) profitable 

buying and selling strategy which outperforms a buy-and-hold one during the test period. 
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However, it was not taken into account any transaction costs or taxes. However, to 

counterbalance, it was not taken into account any possibility of applying in the open market. 

Also, the proposed model, with its probabilistic output, can be used as a support to 

investment decisions, as investors could have other information, secret or not, or even 

intuitions about political or economic tendencies.  

There are many new researches possibilities that could be derived from this work. One 

of them is the use of derivatives in order to lower transaction costs. Another possibility is the 

choice of new input variables and linguistic terms. Also other artificial intelligence 

techniques, as ANN, could be associated with models based on fuzzy logic.  
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Table 1. Classical Sets x Fuzzy Sets. 

Classical Sets – Binary Logic Fuzzy Sets – Fuzzy Logic 

Precise boundaries Imprecise boundaries 

Rough transition between belonging or not Smooth transition between belonging or not 

Represents well defined concepts Represents imprecise and vague concepts 

 

 

   Figure 1. Classical Sets x Fuzzy Sets. 

 

 

Figure 2. General View of Fuzzy Model. 

 

Note:  
d, d_1, d_2, and d_3 are the percentage variations (in linguistic values) of 

IBOVESPA index in days d, d-1, d-2 and d-3, respectively.  
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Figure 3. Pertinence functions for the linguistic variable d_1  

 
Notes: 

Horizontal axis represents numeric variable 1−dVar  and vertical axis represents linguistic variable d_1.  

Pertinence functions “down”  and “up” convert numeric variable 1−dVar  into linguistic variable d_1. 

 
 

Table 2. Selected training data 

  

d_3 d_2 d_1 sets
down down down 71
down down up 74
down up down 58
down up up 83

up down down 65
up down up 56
up up down 67
up up up 83  

 

Table 3. Selected testing data  

  

d_3 d_2 d_1 sets
down down down 44
down down up 63
down up down 48
down up up 61

up down down 50
up down up 50
up up down 50
up up up 56  
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Figure 4. Up, Down, and Flat Trend Percentiles of the Training and Testing Data 

when input is “ d_3 = down; d_2 = up; d_1 = down”  

train
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Figure 5. Up, Down, and Flat Trend Percentiles of the Training and Testing Data 

when input is “ d_3 = up; d_2 = down; d_1 = up”  
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Table 4. Inference Rules 

IF THEN 
d_1 d_2 d_3 DoS d 
down down down 0.43 down 
down down down 0.06 flat 
down down down 0.51 up 
down down up 0.45 down 
down down up 0.04 flat 
down down up 0.51 up 
down up down 0.46 down 
down up down 0.07 flat 
down up down 0.47 up 
down up up 0.53 down 
down up up 0.08 flat 
down up up 0.38 up 
up down down 0.45 down 
up down down 0.06 flat 
up down down 0.49 up 
up down up 0.41 down 
up down up 0.06 flat 
up down up 0.53 up 
up up down 0.38 down 
up up down 0.14 flat 
up up down 0.48 up 
up up up 0.42 down 
up up up 0.14 flat 
up up up 0.44 up 
 
 
 
 

Figure 6. Output L inguistic Values for March 27, 2001. 

 
Notes:  
“down” , “ flat”  and “up” mean three different possible trends.    
Vertical axis represents the probability of each trend. 
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Table 5. Results from the fuzzy strategy. 

(a) Fuzzy (b) IBOVESPA (a-b) difference (%) difference Sharpe index
0.495 68.52% 41.48% 27.04% 65.19% 0.0382
0.500 76.74% 41.48% 35.26% 85.01% 0.0408
0.505 77.80% 41.48% 36.33%     (*) 87.58% 0.0409
0.510 71.68% 41.48% 30.20% 72.81% 0.0389
0.515 65.63% 41.48% 24.15% 58.22% 0.0368
0.520 67.52% 41.48% 26.04% 62.79% 0.0374
0.525 67.23% 41.48% 25.75% 62.08% 0.0372
0.530 41.48% 41.48% 0.00% 0.00% 0.0278

va
lu

es
 o

f 

`

 

Note:  (*) means statistically significant at 10%. 

 
 

Figure 7. Profitability of IBOVESPA and fuzzy strategy (with a  = .505). 

IBOVESPA x FUZZY
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Notes:  
Horizontal axis represents the 1,000 days of the test period; 
Vertical axis represents the value of one monetary unit investment. 
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