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Abstract:  
 

Recent years have seen significant financial market advancements, predicting stock or 

crypto exchange prices is a complex and risky process. Developments in the financial 

world are becoming increasingly interesting, especially for traders and investors who 

want to maximise profits. Nowadays, financial forecasting analysis is changing as 

conditions change and popular methods are preferred instead of traditional methods. 

Current changes and developments in the markets have become very important with the 

fuzzy logic method and the selection of indicators. In this study demonstrates that 

significant success was achieved by combining the strengths of six popular indicators 

RSI, SO, MACD, OBV, BB, and CCI to mitigate their weaknesses and enhance 

prediction accuracy. This study provides forecasting analysis with mandani fuzzy logic 

method to facilitate the operation of 655 companies listed in Borsa Istanbul (BIST). 

FROTO stock data belonging to Ford Otosan company on BIST is used as data. This 

study aims to enable traders and investors to maximize their profits or increase their 

portfolios. The most accurate results were obtained using membership functions created 

for the indicators and 34 rules created using the Mamdani fuzzy method. 

 

1. Introduction 

 
Technical analysis plays a crucial role in the 

financial world by focusing on price movement 

dynamics and the supply-demand interactions that 

drive these movements. Unlike fundamental 

analysis, it deliberately disregards factors such as 

government policies, economic conditions, and 

other macroeconomic influences. 

While technical analysts rely on charts to identify 

patterns and trends, fuzzy logic offers an innovative 

approach by processing imprecise data more 

effectively. By incorporating aspects such as 

investor psychology and market participant 

reactions to price changes, fuzzy logic provides 

deeper insights into the complexities of human 

behaviour, market conditions, and economic 

factors. In financial markets, where investment 

decisions are often driven by expectations rather 

than tangible factors, securities are frequently 

valued based on perception rather than intrinsic 

worth. A core principle of technical analysis is to 

grasp these market participants' expectations and 

observe their actions in anticipation of future 

developments [1-5]. 

Fuzzy logic focuses on connecting financial 

analysis to a set of fuzzy indicators that aid in 

making effective stock trading decisions. This 

paper discusses the fundamental principles of fuzzy 

logic, its application in financial analysis, and 
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demonstrates its utility through a practical example. 

The use of fuzzy logic in financial forecasting and 

analysis has garnered significant attention in both 

academic and professional circles. As the financial 

industry becomes increasingly complex, traditional 

forecasting methods [6-10] often fall short in 

addressing the nuances and uncertainties inherent in 

financial data. With its ability to process imprecise 

and uncertain information, fuzzy logic emerges as a 

promising alternative, enhancing the accuracy and 

reliability of financial forecasting and analysis. 

Zadeh's development of fuzzy sets in 1965 laid the 

groundwork for the fundamental principles of fuzzy 

logic, which are widely used today. Unlike 

traditional sets, fuzzy sets allow partial 

membership. This allows to distinguish between 

items of limited importance that contain uncertainty 

about events of interest [11]. In order to design a 

fuzzy model, a rule base should be created using 

expert knowledge or information gathered from 

historical data. The rules can include, for example, 

statements such as "the technical trading signal is a 

strong sell signal if the long-term moving average 

is high and the short-term moving average is very 

low "[12]. In a fuzzy system, the process of trade 

recommendation generation starts with the 

fuzzification of inputs by components of technical 

indicators (e.g. moving averages or filter values) 

followed by the application of rules. Fuzzy results 

are generated for each rule. The results of the active 

rules used in the decision-making process are 

combined to obtain a fuzzy result about the output 

variable. After defuzzification, a trading position is 

generated with a single value [13,14]. 

 

2. Literature Review 

 

A lot of work has been done in the financial sector 

since the 2000s. Chang et al. developed the Sugeno 

fuzzy system using stock price movements in 

different sectors in the Taiwan Stock Exchange and 

claimed that they achieved an accuracy of 

approximately 97.6% [15]. 

Muzzioli and De Baets found that most of the 

papers using fuzzy logic for option pricing address 

the direct pricing problem in both discrete and 

continuous time settings. The focus of this paper is 

to make a contribution to option pricing under 

fuzziness from a practical point of view. They 

obtain a non-triangular price using the Black-

Scholes option pricing method. However, they 

improve the applicability of the fuzzy version of 

this formula by constructing and testing triangular 

fuzzy numbers for the underlying asset price, 

volatility and free interest rate. To check the quality 

of these approaches, they first evaluate their 

closeness to the true values of the fuzzy Black and 

Scholes model and claim that they achieve good 

results [16]. 

Modern indicators for financial solutions have been 

identified with the technique developed through the 

Dow Hypothesis. As reported by Vanstone and 

Hahn [17], they obtained pattern match and esoteric 

indicators. Brock et al. based on information from 

the Dow, using the average closing prices over a 

range of days and the Moving Average method [18] 

obtained important indicators in the financial field. 

Mallikarjuna and Rao [19] combine some 

indicators such as MACD, RSI and SO to obtain 

the direction of the moving trend of the stock. 

Nowadays, studies collectively highlight the critical 

interplay between advanced modeling techniques, 

preprocessing strategies, and domain-specific 

adaptations in financial forecasting. The evaluation 

of normalization techniques for transformer-based 

models emphasizes the importance of tailored 

preprocessing, especially when technical indicators 

are incorporated—an insight mirrored in the 

Gradient Boosting study, which demonstrates how 

high-quality data and feature engineering are 

pivotal for capturing nonlinear relationships in bank 

ROE forecasting [20]. Similarly, machine and deep 

learning models for option pricing underscores the 

necessity for scalable, interpretable, and region-

specific models, aligning with the need for 

adaptable preprocessing methods and sector-

specific approaches identified in the normalization 

study [21,22]. The analysis of technical indicators, 

such as MACD and Bollinger Bands, further 

reinforces the value of capturing momentum and 

volatility, foundational metrics that underpin the 

effectiveness of predictive models across financial 

domains [23]. In this study, SO, RSI, MACD, 

OBV, Bollinger Bands (BB), and Commodity 

Channel Index (CCI) indicators are utilized in 

analyzing BIST Ford Otosan stock to enhance 

predictive accuracy and provide the best solutions 

in the financial field. Ford Otosan was chosen for 

this study due to its large market capitalization, 

which results in lower volatility and stable price 

movements during significant trading activity. As a 

prominent company ranked in the BIST30 index, it 

is a reliable and important entity for analysis in the 

Turkish stock market. Together, this work suggests 

a unified framework where preprocessing, model 

interpretability, and domain-specific insights 

converge to advance the precision and applicability 

of financial prediction systems across diverse 

markets. 

 

3. System Architecture 

 

The finance system architecture using Mamdani 

fuzzy logic method is shown in Figure 1. Data are  
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Figure 1. Fuzzy Logic Based Finance System Architecture 

 

 

4. Indicators 

 
In our study, six popular indicators widely used in 

the stock market are selected to analyze the share 

prices of Ford Otosan, one of the leading 

companies in Turkey, on Borsa Istanbul. These 

indicators SO, RSI, MACD, OBV, BB and CCI are 

proven tools in financial analysis in different 

market scenarios. Each indicator, with its unique 

functionality, is used in different areas of analysis 

such as overbought/sold, momentum, trend 

analysis, volume correlation, volatility 

measurement and market anomaly detection. 

RSI helps to identify overbought or oversold 

conditions. SO provides momentum insight based 

on recent price movements. MACD combines 

momentum and trend analysis to provide clearer 

signals. OBV adds a deeper perspective on trends 

by correlating price movements with volume. BB 

measures price volatility and identifies potential 

trend reversals. CCI helps detect market anomalies 

by evaluating price deviations from historical 

averages. With their complementary features, these 

indicators are integrated with the Mamdani fuzzy 

logic method to provide a balanced and powerful 

analysis framework for generating buy, sell and 

hold signals. 

 

4.1 Relative Strength Indicator (RSI) 

 

This indicator takes into account whether the price 

is overpromoted. It starts with a numerical range 

from 0 to 100. If the RSI is greater than 70, a sell 

trade is formed. If the RSI value is between 70 and 

30, a hold trade is formed. If the RSI value is below 

30, a buy trade is formed. 
 

RSI =  100 − 100(1 + RS)           (1) 
 

RS =  Average Gain / Average Loss    (2) 
 

RS is the average daily value of the upside 

close/downside close values obtained based on N 

days. 

 

4.2 Stochastic Indicator(SO) 

 

This indicator is a momentum indicator. The worth 

range is between 0 and 100. If the worth is above 

80, a buy trade is formed. If the worth is below 20, 

a sell trade is formed. If the worth is between 80 

and 20, a hold trade is formed. 

SO = 100 ∗ (Last Close –  Low Bottom Level(n))/

(Highest Peak Level(n)– Lowest Bottom Level (n))(3) 
 
4.3 Moving Average Convergence Divergence 

(MACD) 

This indicator is a momentum and trend indicator 

used in financial markets. MACD shows the 

momentum and trend of asset prices using two 

moving averages. This indicator has two values, 

positive and negative. If the value is positive, a buy 

trade is generated. If the value is negative, a sell 

trade is formed. 
 

MACD = EMA12 – EMA26           (4) 
 
EMA12 = 12 period moving average 

EMA26 = 26 period moving average 
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4.4 On Balance Volume(OBV) 

 

This indicator is calculated from the total volume in 

a given time interval. This indicator has two values. 

They are positive and negative. If the OBV is 

rising, it indicates that the volume in the coming 

days is greater than the volume in the past days and 

this creates positive buying in the price.  If the 

OBV is falling, it indicates that the volume on the 

down days is greater than the volume on the up 

days, and this creates a negative sell trade. If the 

OBV is flat, there is a equilibrium among buying 

and selling. This creates a hold position in the price. 

 
                           volume, if close > closeprev 

   OBV = OBVprev          0,         if close =  closeprev       (5) 

                                       -volume, if close < closeprev 
 

4.5 Bollinger Bands (BB) 

 

BB %B is an indicator within the BB that measures 

the position of the cost within the BB range. This 

indicator takes high values when the cost is near the 

upper band and low values when the cost is near the 

lower band. These situations may indicate that the 

cost is approaching overbought or oversold 

territory. %B approaching 1 indicates that the cost 

is near the upper band, while a %B approaching 0 

indicates that the cost is near the lower band. In a 

sideways trend, the %B value may be 

approximately 0.5, indicating that the cost is in the 

middle of the Bollinger Bands range 
 

%B =  (cost –  Subband)/(Topband − Subband     (6) 
 

4.6 Commodity Channel Index (CCI) 

 

CCI is an indicator that measures the average 

fluctuations of prices within a given time frame. 

This indicator does not measure the position of the 

price within the BB range, but rather its overall 

volatility levels and its proximity to overbought or 

oversold zones. 
CCI = (Typical Price - Moving Average)/(0.015* 

Mean Absolute Deviation of Typical Price pband - 
Subband)           (7) 

The CCI usually moves between -100 and +100. 

When the CCI value is above +100, the asset may 

be in overbought territory and prices may retrace. 

When the CCI value falls below -100, the asset may 

be in oversold territory and prices may make an 

upward move. 

 

5. Proposed Design 

 
Inputs and outputs were defined using the Mamdani 

fuzzy method. So that the method can provide a  

 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 
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(f) 

 
(g) 

Figure 2. Membership functions of (a) RSI, (b) SO, (c) 

MACD, (d) OBV, (e) BB, (f) CCI, (g) Reccommendation 

 

financial analysis, 6 inputs and 1 output state were 

defined as displayed in Figure 2. Our output values 

are Buy, Sell and Hold. If the Buy transaction 

occurs, the recommended signal is the buy signal.  

If a Hold transaction occurs, the recommended 

signal is a hold signal. If a Sell transaction occurs, 

the recommended signal is the sell signal. The 

development of fuzzy logic rules for stock analysis 

facilitates decision-making under uncertain market 

conditions by enabling the evaluation ofstock 

values, risk levels, and optimal trading times. 

Within the system architecture, 34 fuzzy logic rules 

were established, incorporating indicators such as 

RSI (Low, Medium, High), SO (Low, Medium, 

High), OBV (Negative, Positive), BB (Low, 

Medium, High), and CCI (Low, Medium, High), 

yielding promising results in their application. 

(Figure. 3). The fifth of these rules is RSI high SO 

high MACD negative OBV negative BB low CCI 

Medium. What we need to understand here is that 

according to the RSI indicator, there is an excessive 

purchase, but the SO indicator has produced a buy 

signal, in this case we need to look at other 

indicators, here the MACD indicator is negative, 

which means that we can say that there is a 

slowdown in the purchase of those who bought the 

asset. Since our OBV indicator is negative, we can 

say that the volume of buyers has decreased. BB is 

Low, which indicates that the price has reached the 

lower base moving average. According to CCI, 

there is a balance in buying and selling. 

Considering all of these, a sell signal is given in the 

exchange rate. Although SO gives a buy signal, 

according to the MACD indicator, the pace of asset 

purchases has decreased, and according to OBV, 

the decreasing pace of asset purchases also 

indicates a decrease in volume. According to the 

BB, the price based on the lower base should 

normally support the lower moving average band, 

while the majority of the indicators give a sell 

signal, indicating that this support is more likely to 

be broken. In this way, our rule gives a sell signal.    

In the 3rd rule, RSI low SO high MACD positive 

OBV positive BB medium CCI low. Here, in 

contrast to our first rule, the RSI and CCI show low 

values, indicating less buying and more selling. In 

contrast, the SO indicator gives a buy signal, while 

the MACD and OBV indicators show that buying is 

accelerating and the volume is high. BB shows that 

the price is at the mid-moving average and a rise is 

more likely. In this case, our rule gives a buy 

signal. 

 

6. Conclusions 

 
Forecasting asset prices in today's financial markets 

is a complex and uncertain process. Predicting price 

movements of assets like stocks, cryptocurrencies, 

or metals is not always accurate. Various 

mathematical methods have been developed to 

address this challenge, evolving into different 

indicators over time. In this study, six different 

indicators (RSI, SO, MACD, OBV, BB, CCI) 

predict company stock prices. The combination of 

these indicators aims to improve forecasting 

accuracy by generating buy, sell and hold signals. 

Each indicator has its pros and cons, and therefore, 

using fuzzy logic, rules were created to combine 

these different indicators in a balanced way. These 

rules serve traders who focus mainly on technical 

analysis and short-term strategies. However, long-

term investments are often evaluated with 

fundamental analysis. In the future, they may also 

be combined with fundamental analysis inputs and 

developed for long-term results. 

 

7.Discussion 

 
The integration of fuzzy logic into technical 

analysis introduces a robust methodology to 

address the uncertainties inherent in financial 

markets. Traditional technical analysis often relies 

on rigid thresholds and binary decisions, which can 

struggle with the complexities of real-world data. 

By combining multiple indicators such as RSI, SO, 

MACD, OBV, BB, and CCI fuzzy logic provides 

anuanced framework that reconciles conflicting 

signals to produce more reliable trading 
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Figure 3. Rules 

 

recommendations. For instance, while one indicator 

might signal a buy, another might suggest caution, 

and fuzzy logic balances these inputs by 

considering the interplay between them. This 

approach mirrors the decision-making process of 

experienced traders, offering a more comprehensive 

perspective on market dynamics. 

Despite its advantages, implementing fuzzy logic 

comes with challenges. The development of an 

effective rule base requires deep domain expertise 

and extensive historical data. Moreover, the 

system’s performance must be periodically updated 

to reflect changing market conditions, and 

computational complexity can limit its utility in 

high-frequency trading. However, these challenges 

also present opportunities for future enhancements, 

such as integrating machine learning to refine rules 

dynamically or incorporating sentiment analysis to 

capture market psychology. By bridging technical 

and fundamental analysis, fuzzy logic offers a 

flexible and adaptive tool for addressing the 

complexities of financial forecasting. Fuzzy is 

interesting system and applied in different fields in 

the literature [24-33]. 
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