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Abstract

This paper proposed a hybrid approach that combines fuzzy
multi-criteria decision-making (MCDM) and an enhanced
random forest algorithm to optimize stock portfolio profit.
The motivation stems from the need to address the
limitations of traditional portfolio optimization methods,
which often rely on simplistic criteria or fail to account for
the inherent uncertainty and multi-dimensionality of stock
evaluation. The proposed method first employs a fuzzy
analytic hierarchy process (FAHP) to rank stocks based on
multiple criteria, where fuzzy logic handles the vagueness in
decision-making. The weights of the criteria are derived
from pairwise comparisons, and the overall score for each
stock is computed by aggregating the weighted performance
ratings. In the second stage, an enhanced random forest
algorithm is introduced to predict future stock returns,
incorporating a genetic algorithm-based feature selection

mechanism to improve predictive accuracy. The integration
of these two stages allows for a more robust and adaptive
portfolio optimization strategy, as the ranked stocks from
the FAHP are further refined using the predicted returns.
The novelty of this work lies in the synergistic combination
of fuzzy MCDM and machine learning, which not only
captures the subjective preferences of investors but also
leverages data-driven insights for better decision-making.
Experimental results demonstrate that the proposed
approach outperforms conventional methods in terms of
both risk-adjusted returns and portfolio stability. This study
contributes to the field by providing a comprehensive
framework that bridges the gap between qualitative
judgment and quantitative analysis, offering practical value
for investors and financial analysts seeking to enhance
portfolio performance under uncertain market conditions.

Keywords: Fuzzy MCDM, Enhanced Random Forest, Portfolio Optimization, Stock Selection, Hybrid Model

1. Introduction
Stock portfolio optimization remains a critical challenge in financial markets, where investors aim to maximize returns while
minimizing risks. Traditional approaches, such as mean-variance optimization introduced by Markowitz 1, provide a
foundational framework but often struggle with real-world complexities like non-linear relationships, uncertainty, and multi-
dimensional decision criteria. Recent advancements in machine learning and multi-criteria decision-making (MCDM) have
shown promise in addressing these limitations. However, existing methods either focus solely on predictive accuracy or rely
heavily on subjective criteria without sufficient integration of data-driven insights.
Machine learning techniques, particularly random forest ], have gained traction in stock market prediction due to their
robustness in handling noisy financial data. Nevertheless, standard implementations often suffer from overfitting or suboptimal
feature selection, limiting their effectiveness in portfolio optimization. Meanwhile, fuzzy MCDM methods, such as fuzzy
analytic hierarchy process (FAHP) B! and TOPSIS ™), excel in handling imprecise and subjective evaluations but lack the
predictive power to adapt to dynamic market conditions. A hybrid approach that combines these strengths could offer a more
comprehensive solution.
Recent studies have explored hybrid models in financial applications. For instance, weighted random forest I and feature-
enhanced variants [ have improved prediction accuracy, while fuzzy MCDM techniques have been applied to stock selection
[, However, these efforts often treat prediction and decision-making as separate stages, missing opportunities for synergistic
optimization. Our work bridges this gap by integrating fuzzy MCDM with an enhanced random forest algorithm, where the
former refines stock rankings based on investor preferences, and the latter dynamically adjusts predictions using feature
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selection and ensemble learning.

The proposed method introduces three key innovations.
First, it employs a fuzzy MCDM framework to evaluate
stocks across multiple criteria, capturing both quantitative
metrics (e.g., volatility, liquidity) and qualitative factors
(e.g., investor sentiment, industry trends). Second, it
enhances the random forest algorithm with genetic
algorithm-based feature selection, ensuring that only the
most relevant predictors influence portfolio decisions. Third,
the two components are tightly integrated, allowing the
MCDM rankings to guide the random forest’s training
process, while the predicted returns refine the final portfolio
composition. This bidirectional interaction distinguishes our
approach from prior hybrid models ®], which typically apply
MCDM and machine learning sequentially.

Empirical validation on real-world stock data demonstrates
that the proposed method outperforms standalone MCDM
and machine learning techniques in terms of risk-adjusted
returns and portfolio stability. For example, our approach
achieves a 15% higher Sharpe ratio compared to
conventional random forest models, while also reducing
turnover costs by 20% through more stable stock selections.
These results highlight the practical benefits of combining
fuzzy logic’s interpretability with machine learning’s
adaptability.

2. Related Work

Stock portfolio optimization has been extensively studied in

finance and computational intelligence, with approaches

ranging from traditional statistical models to advanced

machine learning techniques. Existing works can be broadly

categorized into three groups:

1. Multi-criteria decision-making (MCDM) methods for
stock evaluation,

2. Machine learning models for return prediction, and

3. Hybrid approaches combining both paradigms.

2.1 Multi-Criteria
Optimization
MCDM methods have gained prominence for their ability to
handle multiple, often conflicting, criteria in stock selection.
The fuzzy analytic hierarchy process (FAHP) has been
widely adopted to address the inherent uncertainty in
financial decision-making. For instance, ["! applied FAHP to
evaluate mutual funds by incorporating both quantitative
metrics and qualitative investor preferences. Similarly, !
proposed a spherical fuzzy AHP variant to enhance the
robustness of portfolio selection in volatile markets. These
methods excel in structuring complex decision problems but
often lack adaptability to dynamic market conditions.

Other MCDM techniques, such as TOPSIS and VIKOR,
have also been explored. ' integrated VIKOR with a
Boruta-GA feature selection model to improve stock ranking
accuracy. However, these approaches typically rely on static
criteria weights, which may not reflect real-time market
shifts.

Decision-Making in Portfolio

2.2 Machine Learning for Stock Return Prediction

Machine learning models, particularly ensemble methods,
have demonstrated strong predictive performance in
financial time series. Random forest, due to its inherent
resistance to overfitting, has been a popular choice. !l
highlighted the importance of hyperparameter tuning in
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random forest models for stock price forecasting.
Meanwhile, ['?! proposed an optimized random forest variant
that incorporates technical indicators to improve trend
prediction.

Recent advancements focus on feature selection and model
enhancement. For example, ['*] combined random forests
with extreme learning machines to handle multi-regime time
series, while [ introduced a recurrent ensemble
architecture for better temporal dependency modeling.
Despite their predictive power, these methods often
overlook the interpretability and investor-specific criteria
emphasized by MCDM approaches.

2.3 Hybrid Approaches

Hybrid models aim to bridge the gap between MCDM and
machine learning. ! proposed a hybrid framework
combining MCDM with data-driven optimization, though
their integration was limited to sequential processing.
Similarly, "9 used random forest predictions as an input to
MCDM but did not exploit bidirectional interactions
between the two components.

Few studies have explored tight integration of fuzzy MCDM
and machine learning "'7. Employed a fuzzy time series with
deep forest for stock trend prediction, but their focus was
solely on prediction rather than portfolio optimization. In
contrast, our work unifies fuzzy MCDM and enhanced
random forest in a cohesive framework, where MCDM
rankings inform feature selection and the random forest’s
predictions refine portfolio weights dynamically.

The proposed method distinguishes itself by (1) employing a
fuzzy MCDM stage that adapts to investor preferences and
market vagueness, (2) enhancing random forest with genetic
algorithm-based feature selection for robust prediction, and
(3) enabling iterative feedback between the two stages to
optimize both interpretability and predictive accuracy. This
synergy addresses key limitations in prior hybrid models,
which either treated MCDM and machine learning as
isolated components or failed to leverage their
complementary strengths.

3. Preliminary Concepts and Background

To establish the foundation for our proposed hybrid
approach, this section introduces key concepts in stock
market fundamentals, decision-making under uncertainty,
portfolio management principles, and multi-criteria
decision-making. These concepts collectively form the
theoretical basis for integrating fuzzy logic with machine
learning in portfolio optimization.

3.1 Stock Market Fundamentals

The stock market operates as a complex system where

securities are traded based on supply and demand dynamics.

Stocks represent ownership shares in publicly traded

companies, classified broadly into common and preferred

stocks. Common stocks provide voting rights and potential

dividends, while preferred stocks offer fixed dividends but

limited voting power ¥l Major stock exchanges, such as

NYSE and NASDAQ, facilitate these transactions through

centralized trading platforms.

Stock prices fluctuate due to multiple factors, including:

= Economic indicators: GDP growth, inflation, and
interest rates (11,

= Company performance: Earnings reports, revenue
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trends, and management decisions 2,
=  Market sentiment: Investor psychology and news
events 11,
Understanding these factors is crucial for portfolio
construction, as they influence both risk and return
characteristics. Traditional models often assume linear
relationships between these variables, but real-world

markets exhibit non-linear and time-varying dependencies
[22]

3.2 Decision-Making under Uncertainty

Financial decision-making inherently involves uncertainty,
as future market conditions cannot be predicted with
absolute confidence. Classical probability theory struggles
to model vague or incomplete information, which is
prevalent in stock evaluation. Fuzzy logic addresses this
limitation by introducing degrees of truth between 0 and 1,
enabling more nuanced representations of uncertainty 23!,

A key concept is the fuzzy comparison matrix, where
pairwise evaluations between criteria €: and ¢ are expressed
as:

a;; = Fuzzy comparison between criterion C; and C; (1)

For example, if profitability (EL) is “moderately more

important” than liquidity (C!), the comparison dy might be

represented as a triangular fuzzy number (2, 3, 4). This

flexibility allows investors to incorporate subjective

judgments while maintaining mathematical rigor [24],

Challenges in decision-making under uncertainty include:

=  Ambiguity in criteria weights: Different investors
may prioritize factors differently.

* Time-varying preferences: Market conditions may
alter the relevance of certain criteria.

= Data incompleteness: Missing or noisy financial data
can distort evaluations.

Fuzzy MCDM methods, such as FAHP, mitigate these

issues by systematically aggregating imprecise judgments

into coherent decision frameworks 21,

3.3 Portfolio Management Principles

Portfolio management aims to balance risk and return
through diversification. The expected return of a portfolio &»
with n assets is calculated as:

n
Rp = ZWi Ri
i=1

Where Wi is the weight of asset i, and & is its expected
return.

Risk is quantified by portfolio variance %, which depends
on individual asset volatilities and their correlations:

2

n n

2

i=1 j=1 (3)

Here, % denotes the covariance between assets i and /. Key

principles include:

= Diversification: Combining uncorrelated assets to
reduce unsystematic risk (2%,

= Efficient frontier: The set of portfolios offering
maximum return for a given risk level 71,
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=  Rebalancing: Periodically adjusting portfolio weights
to maintain target allocations.

Traditional mean-variance optimization assumes normal

return distributions and constant correlations, but empirical

evidence shows frequent deviations from these assumptions

(28] Machine learning techniques can capture these

complexities more effectively.

3.4 Multi-Criteria Decision-Making

MCDM evaluates alternatives based on multiple, often

conflicting criteria. A typical approach involves:

1. Criteria selection: Identifying relevant factors (e.g.,
P/E ratio, debt-to-equity).

2. Weight assignment: Determining the
importance of each criterion.

3. Alternative scoring: Ranking stocks based on
aggregated performance.

The weight Wi for criterion (i can be derived from a

pairwise comparison matrix using:

relative

mn
=14

w = —m—m
X Z?=1 aij 4)

The Analytic Hierarchy Process (AHP) is a widely used

MCDM technique that structures decisions hierarchically

and checks for consistency in judgments °. However,

AHP’s reliance on crisp numbers makes it less adaptable to

fuzzy financial environments. FAHP extends AHP by

incorporating fuzzy numbers, better suited for uncertain

evaluations %, Common MCDM challenges include:

=  Criteria interdependence: Some factors may influence
others (e.g., high growth often correlates with high
volatility).

= Scalability: Handling large numbers of stocks and
criteria efficiently.

= Dynamic adjustments: Updating weights as market
conditions evolve.

Integrating MCDM with machine learning can address these

limitations by combining structured decision frameworks

with data-driven adaptability.

4. Proposed Hybrid Approach for Stock Portfolio
Optimization

The proposed hybrid approach integrates fuzzy multi-
criteria decision-making (MCDM) with an enhanced
random forest algorithm to optimize stock portfolio
selection. This section details the methodology, covering the
fuzzy analytic hierarchy process (FAHP) for criteria
weighting, the enhanced random forest with genetic
algorithm-based feature selection, and the dynamic portfolio
optimization framework that combines both components.

4.1 Application of Fuzzy Analytic Hierarchy Process for
Criteria Weight Derivation

The FAHP component evaluates stocks based on multiple
financial and non-financial criteria, accounting for
uncertainty in expert judgments. The process begins with
constructing a fuzzy pairwise comparison matrix 4, where
each element “if represents the relative importance of
criterion Ci over &5 using triangular fuzzy numbers (5.1},
For example, if profitability is considered moderately more
important than liquidity, @iz might be (234} The fuzzy
weights #i for each criterion are computed using the
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geometric mean method:

n 1/n

w; = | |Qi}'

5)

These weights are then defuzzified into crisp values Wi
using the centroid method:

[+m+u
w=—
3 (6)

The consistency ratio (CR) of the pairwise comparisons is
verified to ensure logical coherence, with a threshold of CR
< 0.1 indicating acceptable consistency Y. Stocks are
scored by aggregating their normalized performance *ii
across criteria:

n
Score(S;) = Zwi X X
=1

O]
Where ¥ij is the fuzzy rating of stock %/ on criterion £:.

4.2 Enhanced Random Forest with Genetic Algorithm-
Based Feature Selection

The random forest algorithm is augmented with a genetic
algorithm (GA) to optimize feature selection and improve
predictive accuracy. The GA evolves a population of feature
subsets over generations, maximizing the objective function:

FO0 = @ Accumaey(6) + (1 — a) - (1-21)
p

(®)
Where X is a feature subset, X1 its size, P the total features,
and @ € [0.1] balances accuracy and parsimony.

The enhanced random forest trains T decision trees on
bootstrap samples, with each tree £(¥) using the GA-
selected features. The final prediction ¥ for a stock’s return
is the ensemble average:

T
1
Y =;;ﬂ x)

Feature importance is dynamically updated based on out-of-

bag error reduction, ensuring adaptability to market changes
[32]

(©))

4.3 Dynamic Portfolio Optimization Using Fuzzy Scores
and Predicted Returns

The portfolio optimization module combines the FAHP
scores >°"G7) from Equation 7 and the predicted returns ¥
from Equation 9. The composite metric % for stock 5 is:

Zi=p-Score(S;)) +(1—p)-Y; (10)

Where 8 € [0.1] adjusts the influence of fuzzy rankings versus

ML predictions.

Portfolio weights wi are allocated proportionally to EJ',

subject to diversification constraints:
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e?s
Wi =3m eZk

k=1 (11)

This softmax function ensures weights sum to 1 while
emphasizing  high-scoring stocks. The framework
periodically rebalances the portfolio based on updated
FAHP and random forest outputs.

4.4 Integration and Implementation of the Hybrid

Approach

The two-stage process is implemented as follows:

1. FAHP Stage: Stocks are ranked using Equation 7, with
criteria weights updated quarterly to reflect market
shifts.

2. Enhanced Random Forest Stage: Daily predictions
from Equation 9 refine the rankings, with GA feature
selection retrained monthly.

S dbodks Subiral

Fig 1: Enhanced Quantitative Portfolio Management System

As shown in Fig 1, the system integrates these stages
through a feedback loop where prediction errors from the
random forest inform adjustments to FAHP criteria weights,
enhancing adaptability. Computational efficiency is
maintained by parallelizing tree construction and GA
operations. Key advantages include:

=  Uncertainty Handling: Fuzzy logic captures
vagueness in criteria importance and stock performance.

= Adaptive Feature Selection: GA ensures the random
forest focuses on the most predictive features.

* Dynamic Rebalancing: The composite metric %
responds to both qualitative judgments and quantitative
predictions.

The next section validates this approach empirically,

comparing its performance against traditional methods.

5. Experimental Setup

To evaluate the effectiveness of the proposed hybrid
approach, we conducted a series of experiments comparing
its performance against traditional portfolio optimization
methods. This section describes the dataset, evaluation
metrics, baseline methods, and implementation details.

5.1 Dataset Description

The experiments were conducted using historical stock
market data from the S&P 500 index, covering the period
from January 2010 to December 2022. The dataset includes
daily closing prices, trading volumes, and key financial
ratios (e.g., P/E ratio, debt-to-equity) for all constituent
stocks. Additionally, macroeconomic indicators such as
GDP growth, inflation rates, and interest rates were
incorporated to capture broader market trends B3],

The dataset was preprocessed to handle missing values and
outliers. Stock returns were calculated as logarithmic returns
to ensure stationarity:
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P
e =1
n=n(z) (12)
Where £+ denotes the closing price at time ¢.

5.2 Evaluation Metrics

The performance of the proposed method was assessed

using the following metrics:

1. Annualized Return: Measures the average yearly
return of the portfolio.

2. Annualized Volatility: Quantifies the risk associated

with the portfolio.
3. Sharpe Ratio: Evaluates risk-adjusted returns, defined
as:
Sharpe Ratio = IE[TP]J
% (13)

Where ' is the portfolio return, ¥ is the risk-free rate, and

v is the portfolio volatility.

4. Maximum Drawdown: Captures the largest peak-to-
trough decline in portfolio value.

5. Turnover Rate: Measures the frequency of portfolio
rebalancing, calculated as:

1 T n
Turnover = TZ Z [Wir —Wie 4]

=t (14)
Where Wit is the weight of stock  at time £.

5.3 Baseline Methods

The proposed hybrid approach was compared against the

following baseline methods:

1. Markowitz Mean-Variance Optimization (MVO): A
traditional portfolio optimization technique that
minimizes risk for a given level of expected return B4,

2. Fuzzy AHP (FAHP): A standalone fuzzy multi-criteria
decision-making method for stock selection 3],

3. Random Forest (RF): A standard random forest model
for predicting stock returns 61,

4. Genetic Algorithm-Optimized Random Forest (GA-
RF): A variant of random forest with genetic algorithm-
based feature selection 7,

5.4 Implementation Details

The proposed hybrid approach was implemented in Python,
leveraging libraries such as scikit-learn for machine learning
components and PyMC3 for probabilistic modeling. The
fuzzy AHP component was implemented using triangular
fuzzy numbers, with criteria weights updated quarterly. The
enhanced random forest employed 500 decision trees, with
the genetic algorithm running for 50 generations to optimize
feature selection.

The portfolio was rebalanced monthly, with transaction
costs set at 0.1% per trade to reflect realistic trading

conditions. The parameter B in Equation 10 was tuned via
grid search, with the optimal value found to be 0.6,
indicating a slightly higher emphasis on fuzzy rankings than
machine learning predictions.

5.5 Training and Testing Protocol
The dataset was split into a training period (2010-2018) and
a testing period (2019-2022). The training period was used
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to calibrate the fuzzy AHP criteria weights and train the
enhanced random forest model. The testing period evaluated
the out-of-sample performance of the proposed method and
baselines.

To ensure robustness, the experiments were repeated with
10 different random seeds, and the results were averaged
across all runs. Statistical significance was assessed using
paired t-tests to compare the performance of the proposed
method against each baseline. The next section presents the
experimental results, highlighting the comparative
performance of the proposed hybrid approach.

6. Experimental Results

This section presents the empirical evaluation of the
proposed hybrid approach, comparing its performance
against baseline methods in terms of risk-adjusted returns,
portfolio stability, and computational efficiency. The results
are analyzed across multiple dimensions to demonstrate the
advantages of integrating fuzzy MCDM with enhanced
random forest.

6.1 Performance Comparison with Baseline Methods
Table 1 summarizes the key performance metrics of the
proposed method and baselines during the testing period
(2019-2022). The hybrid approach achieved superior risk-
adjusted returns, with a Sharpe ratio of 1.82, outperforming
Markowitz MVO (1.12), standalone FAHP (1.35), and GA-
RF (1.54). The annualized return of 18.7% was significantly
higher than that of traditional methods, while maintaining
lower volatility (12.3%).

Table 1: Comparative performance of portfolio optimization
methods (2019-2022)

Max
Annualized |Volatility| Sharpe Turnover
Method | eturn (%)| (%) | Ratio Dm(wo/d)"w“ Rate (%)
(1]
Proposed
Hybrid 18.7 12.3 1.82 15.2 254
Markowitz
MVO 14.1 14.8 1.12 22.6 42.7
FAHP 15.9 13.5 1.35 18.9 30.2
GA-RF 17.2 13.1 1.54 16.8 28.6

The proposed method also exhibited better resilience during
market downturns, with a maximum drawdown of 15.2%,
compared to 22.6% for Markowitz MVO. This improvement
is attributed to the dynamic rebalancing mechanism, which
adjusts portfolio weights based on both fuzzy rankings and
predicted returns.

6.2 Ablation Study on Hybrid Components

To isolate the contributions of the fuzzy MCDM and
enhanced random forest components, an ablation study was
conducted by selectively disabling parts of the hybrid
framework. Table 2 shows the results when either FAHP or
GA-RF is excluded.

Table 2: Ablation study of the proposed hybrid approach

. Sharpe Annualized Return | Volatility
Configuration Ratio (%) (%)
Full Hybrid 1.82 18.7 123
Without FAHP 1.47 16.8 13.6
Without GA-
RF 1.38 15.4 14.2
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Removing FAHP reduced the Sharpe ratio by 19.2%,
highlighting the importance of multi-criteria decision-
making in capturing investor preferences. Similarly,
disabling GA-RF led to a 24.2% decline in risk-adjusted
returns, underscoring the value of data-driven predictions.
The full hybrid configuration consistently outperformed the
ablated variants, validating the synergistic effect of
combining both components.

6.3 Feature Importance Analysis

The genetic algorithm identified the most predictive features
for the enhanced random forest, as shown in Fig 2.
Technical indicators (e.g., 50-day moving average, RSI) and
macroeconomic variables (e.g., inflation rate) were
consistently ranked as top contributors, while less relevant
features (e.g., trading volume) were pruned. This selective
feature inclusion improved model interpretability and
reduced overfitting.

Relative Importance

Feature

Fig 2: Relative importance of selected features in the enhanced
random forest model

6.4 Computational Efficiency

Despite its complexity, the hybrid approach maintained
reasonable computational efficiency. Training the FAHP
and enhanced random forest required approximately 45
minutes per rebalancing cycle on a standard workstation
(Intel 17, 32GB RAM). The genetic algorithm converged
within 20 generations on average, with parallelization
reducing the runtime by 40%. In contrast, traditional
methods like Markowitz MVO required shorter training
times but delivered inferior performance.

6.5 Robustness Across Market Conditions

The proposed method was further tested across bull (2019—
2021) and bear (2022) market phases. As illustrated in Fig 3,
the hybrid approach consistently outperformed baselines in
both scenarios, achieving higher returns during bullish
periods and smaller losses during downturns. This
adaptability stems from the iterative feedback between
FAHP and GA-RF, which dynamically adjusts to changing
market regimes.
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Proposed Hybrid
Markowitz MVO
FAHP
GA-RF

2.50

2.251

2.00 A

1.75

1.50 4 Bull Market

Cumulative Returns

1.25 A

1.00

0.75 A

T T T T T T
o] 10 20 30 40 50
Time (months)

Fig 3: Cumulative returns of the proposed method versus baselines
across bull and bear markets

7. Conclusion

The proposed hybrid approach demonstrates significant
advancements in stock portfolio optimization by effectively
integrating fuzzy multi-criteria decision-making (MCDM)
with an enhanced random forest algorithm. The fuzzy
analytic hierarchy process (FAHP) provides a structured
framework for evaluating stocks across multiple criteria,
capturing both quantitative metrics and qualitative investor
preferences. Meanwhile, the genetic algorithm-enhanced
random forest improves predictive accuracy through
dynamic feature selection and ensemble learning. The
synergy between these components enables adaptive
portfolio rebalancing, outperforming traditional methods in
terms of risk-adjusted returns, stability, and resilience across
market conditions.

Empirical results highlight the practical benefits of this
integration. The hybrid approach achieves superior Sharpe
ratios and lower drawdowns compared to standalone
MCDM or machine learning techniques, validating its
ability to balance interpretability with predictive power. The
ablation study further confirms that both components
contribute meaningfully to performance, with the fuzzy
MCDM ensuring alignment with investor priorities and the
enhanced random forest providing data-driven adaptability.
These findings suggest that combining structured decision-
making frameworks with advanced machine learning can
address key limitations in conventional portfolio
optimization.

The framework’s flexibility allows for extensions beyond
equity markets, including applications in ESG investing,
cryptocurrency portfolios, and robo-advisory systems.
However, future work should address computational
scalability and model interpretability challenges, particularly
for large-scale deployments. Ethical considerations, such as
algorithmic bias and market impact, also warrant careful
attention as automated systems become more prevalent in
finance.

By bridging the gap between qualitative judgment and
quantitative analysis, this research contributes a robust
methodology for investors seeking to navigate uncertain
markets. The success of the hybrid approach underscores the
value of interdisciplinary techniques in financial decision-
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making, offering a foundation for further innovations at the
intersection of fuzzy logic, machine learning, and portfolio
theory.
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