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Abstract:

The purpose of this study was to develop an integrated model for stock return prediction and portfolio optimization by
combining historical market data, technical indicators, and investor sentiment extracted from social media in order to
improve investment decision-making accuracy in financial markets. This study was conducted using daily data from 16
selected U.S. stock market symbols during the period from September 30, 2021 to September 29, 2022. Price data, trading
volume, and social media textual information were collected and preprocessed into 105 features, including 92 technical
features and 13 sentiment-related features. Binary Grey Wolf Optimizer (BGWO) was employed for feature selection, while
the XGBoost algorithm was used for stock return prediction. Subsequently, the predicted 31-day returns were incorporated
into the Markowitz mean—variance optimization framework. Monte Carlo simulation with 100,000 admissible weight vectors
was used to determine the optimal portfolio composition. Model performance was evaluated using MSE, RMSE, MAE, MAPE,
and R?indices. The findings demonstrated that integrating technical indicators with investor sentiment features significantly
improved prediction performance. The highest R? values were observed for KO and COST, with values of 0.8945 and 0.8915,
respectively, whereas TSLA and BX showed comparatively weaker predictive performance. The BGWO-XGBoost framework
successfully selected informative features and generated a stable low-redundancy predictive structure. In the portfolio
optimization stage, only symbols with R? values above 0.70 were included in the Markowitz framework. Simulation results
revealed that the optimal portfolio achieved an annual Sharpe ratio of 3.1585, an expected return of 0.7956, and volatility of
0.2424. The highest portfolio weights were assigned to CRM, PG, KO, and AAPL, indicating their superior risk—return balance.
The results indicated that integrating machine learning algorithms with investor sentiment analysis and classical financial
optimization frameworks can substantially enhance stock return prediction accuracy and investment decision quality. The
proposed model successfully reduced the gap between theoretical financial analysis and real market behavior by generating
a balanced, executable, and high-performing portfolio in terms of risk and return. These findings highlight the strong potential
of behavioral data and text analytics in the development of intelligent investment management systems.
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Extended Abstract

Introduction

Financial markets have become increasingly complex due to rapid information diffusion, behavioral fluctuations among
investors, and the growing influence of digital communication platforms. Traditional financial theories, which assume rational
decision-making and efficient markets, have faced substantial criticism because they often fail to explain abnormal volatility,
speculative bubbles, and sudden market reactions. Behavioral finance emerged as an alternative perspective emphasizing
that investors are influenced by emotions, cognitive biases, and psychological reactions when making financial decisions
(Pompian, 2009; Raei & Fallahpour, 2004). This perspective argues that investor sentiment can significantly affect asset prices,
trading behavior, and market dynamics, thereby creating deviations from intrinsic values (Eslami Bidgoli & Kordlouie, 2010).
Empirical evidence has demonstrated that emotions such as fear, anger, optimism, and anxiety alter risk-taking behavior and
influence investment choices (Fessler et al., 2004; Gambetti & Giusberti, 2012). Consequently, investor sentiment has become
an essential factor in explaining stock market movements and portfolio performance.

The rapid development of artificial intelligence and machine learning technologies has transformed financial forecasting
methodologies. Machine learning algorithms are capable of identifying nonlinear relationships and hidden structures within
large-scale financial datasets, outperforming many conventional econometric approaches in predictive accuracy (Lin &
Marques, 2024). Models such as artificial neural networks, gradient boosting algorithms, and deep learning frameworks have
been extensively used in stock market prediction (Qiu & Song, 2016). In recent years, hybrid models integrating optimization
algorithms with machine learning techniques have demonstrated particularly promising results. For instance, the GA-XGBoost
framework achieved high predictive performance in forecasting stock price direction by optimizing model parameters and
reducing prediction error (Yun et al.,, 2021). Similarly, comprehensive forecasting frameworks incorporating technical,
economic, and structural indicators have improved prediction reliability in financial markets (Asghari et al., 2024; Rezaeian et
al., 2024).

At the same time, the expansion of social media and online investment communities has created unprecedented
opportunities for extracting behavioral information from textual data. Sentiment analysis techniques based on natural
language processing enable researchers to quantify investor emotions from news articles, tweets, and online discussions.
These approaches have become increasingly important because social media reflects collective expectations, optimism, fear,
and market reactions in real time (Salehi Chegni et al., 2025). Studies have shown that combining textual sentiment indicators
with historical financial data significantly improves forecasting performance (Gu et al., 2024). Models integrating FinBERT and
LSTM architectures have successfully captured market sentiment from financial news and enhanced stock price prediction
accuracy (Gu et al., 2024). Furthermore, social media sentiment analysis has been proven effective in forecasting stock market
volatility and identifying behavioral fluctuations among investors (Saravanos & Kanavos, 2025).

Research in emerging markets has also highlighted the importance of investor sentiment. In the Tehran Stock Exchange,
investor sentiment has been found to affect market liquidity, volatility, and trading behavior (Aghababaei, 2022). Behavioral
reactions among investors influence market dynamics and contribute to fluctuations in trading activity (Hosseini & Morshedi,
2019). Moreover, investor sentiment combined with governmental behavior has been identified as a major source of market
instability and uncertainty (Dadgar et al., 2023). Studies have also emphasized the relationship between corporate social

responsibility, environmental awareness, and investor perceptions in shaping financial decisions (Rezaei-Kalidbari et al., 2013;
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Zare Bahman-Miri et al., 2022). These findings suggest that sentiment-related information can provide valuable insights
beyond traditional market indicators.

Another major challenge in financial prediction involves high-dimensional feature spaces. Financial datasets often contain
redundant orirrelevant variables that reduce model efficiency and increase the risk of overfitting. Therefore, feature selection
has become a critical step in machine learning-based forecasting models (Li et al., 2017; Miao & Niu, 2016). Optimization-
based feature selection methods, including evolutionary and metaheuristic algorithms, have demonstrated strong
capabilities in reducing dimensionality while preserving predictive information (Ramirez-Gallego et al., 2017; Yu & Liu, 2003).
Among these approaches, the Grey Wolf Optimizer has shown remarkable effectiveness in feature selection and optimization
tasks (Emary et al., 2016). Enhanced versions of this algorithm have further improved exploration and exploitation balance in
complex search spaces (Liu et al., 2023). Integrating such optimization algorithms with machine learning frameworks can
substantially improve forecasting performance and portfolio construction efficiency.

Although previous studies have separately examined stock prediction, sentiment analysis, and portfolio optimization,
limited research has integrated all these dimensions into a unified framework. Many forecasting studies focus solely on
prediction accuracy without connecting outputs to portfolio decision-making. Likewise, several sentiment analysis studies
consider behavioral indicators independently from technical and optimization frameworks. Therefore, the present study
attempts to bridge this gap by proposing an integrated portfolio optimization model that combines investor sentiment
analysis, machine learning prediction, and classical mean—variance optimization.

Methods and Materials

This study employed daily financial and textual data from 16 selected U.S. stock market symbols during the period from
September 30, 2021 to September 29, 2022. The selected companies included Apple, Microsoft, Amazon, Tesla, Salesforce,
Coca-Cola, Procter & Gamble, Boeing, and several other major firms representing technology, industrial, and consumer
sectors. Daily OHLCV data consisting of open, high, low, close, and volume values were collected and synchronized with the
official trading calendar.

A comprehensive preprocessing procedure was applied to ensure data consistency and stability. Financial records were
cleaned, normalized, and aligned temporally. Based on these data, a large set of technical indicators was generated, including
moving averages, momentum oscillators, volatility indicators, volume-based features, logarithmic returns, and lagged price
ratios. Simultaneously, textual data extracted from social media platforms were processed through sentiment analysis
techniques. Tweets related to each stock symbol were cleaned, filtered, and aggregated daily. Sentiment features included
average sentiment score, median sentiment, sentiment variance, positive-to-negative ratio, tweet counts, and sentiment
class averages.

In total, 105 features were constructed for each observation, including 92 technical indicators and 13 sentiment-related
variables. Feature selection was conducted using the Binary Grey Wolf Optimizer (BGWO). The optimization process
employed a population size of 20, feature dimension of 105, and 50 iterations. After selecting optimal features, the XGBoost
algorithm was trained to predict 31-day future stock returns. Hyperparameter tuning included adjustments to tree depth,
learning rate, subsampling ratio, column sampling ratio, regularization parameters, and number of estimators.

The forecasting outputs were then integrated into the Markowitz mean—variance optimization framework. Only symbols

with test-set R? values greater than 0.70 were selected for portfolio construction. Monte Carlo simulation with 100,000




ACCOUNTING, FINANCE AND COMPUTATIONAL INTELLIGENCE

admissible weight vectors was employed to estimate efficient portfolios under standard constraints. Portfolio performance
was evaluated using expected return, annualized volatility, and Sharpe ratio with a 3% annual risk-free rate.

Findings

The results demonstrated that integrating technical indicators with investor sentiment significantly improved forecasting
performance. Among the examined symbols, Coca-Cola (KO) and Costco (COST) achieved the highest prediction accuracies
with R? values of approximately 0.89, indicating strong explanatory power of the BGWO-XGBoost framework. In contrast,
more volatile stocks such as Tesla (TSLA) and Blackstone (BX) produced comparatively lower predictive performance. Error
metrics including MSE, RMSE, MAE, and MAPE confirmed that the proposed model maintained relatively stable prediction
accuracy across multiple symbols.

The feature selection process substantially reduced redundancy within the dataset. Depending on stock characteristics,
the optimization framework selected between 29 and 41 effective features from the original 105 variables. The selected
features typically included combinations of trend indicators, momentum variables, volatility measures, volume-based signals,
and sentiment indicators. Sentiment-related variables such as average sentiment score, positive-to-negative tweet ratio, and
social interaction intensity emerged as influential predictors for several stocks.

The hyperparameter optimization procedure produced distinct configurations for different stock symbols. Some stocks
required deeper tree structures and stronger regularization, while others achieved optimal performance using simpler
parameter settings. These findings reflected the heterogeneous and nonlinear nature of stock market behavior across
industries and market conditions.

In the portfolio optimization stage, 11 symbols with R? values above 0.70 were selected as candidates for portfolio
construction. Among them, nine stocks with positive predicted average returns entered the Markowitz optimization
framework. Monte Carlo simulation generated the efficient frontier and identified the optimal portfolio with the highest
Sharpe ratio. The final portfolio achieved an annualized Sharpe ratio of approximately 3.16, expected annual return of nearly
79.56%, and annualized volatility of around 24.24%.

The optimal portfolio weights concentrated primarily on Salesforce (CRM), Procter & Gamble (PG), Coca-Cola (KO), and
Apple (AAPL), while smaller allocations were assigned to Microsoft, Amazon, Ford, AMD, and Boeing. The results indicated
that combining machine learning prediction with sentiment analysis and classical optimization could produce a balanced and
executable portfolio with strong risk-return characteristics.

Discussion and Conclusion

The findings demonstrated that integrating investor sentiment with technical and historical market data substantially
improves stock return prediction and portfolio optimization performance. The proposed BGWO-XGBoost framework
successfully captured nonlinear relationships among financial and behavioral variables while reducing dimensionality through
optimized feature selection. The incorporation of sentiment indicators provided additional explanatory power beyond
traditional market variables and enhanced the model’s ability to identify short-term behavioral fluctuations.

The study also showed that social media sentiment can serve as a valuable information source for financial decision-
making. Investor emotions reflected in online discussions contributed meaningfully to forecasting future stock movements,

confirming the growing importance of behavioral signals in modern financial markets. These results suggest that financial
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markets are increasingly influenced not only by economic fundamentals but also by collective psychological reactions and
information diffusion across digital platforms.

From a methodological perspective, the study highlighted the effectiveness of combining metaheuristic optimization
algorithms with machine learning frameworks in financial forecasting. The Grey Wolf Optimizer improved feature selection
efficiency and reduced redundancy, while XGBoost provided strong predictive capability in complex nonlinear environments.
The integration of these methods with mean—variance portfolio optimization created a unified decision-making framework
capable of translating predictive outputs into practical investment strategies.

The portfolio optimization results further demonstrated that prediction-driven investment strategies can significantly
improve portfolio efficiency. The optimized portfolio achieved a high Sharpe ratio while maintaining acceptable volatility
levels, indicating a favorable balance between return and risk. This finding suggests that combining artificial intelligence
techniques with classical portfolio theory can bridge the gap between theoretical financial models and real market behavior.

Overall, the proposed framework provides evidence that machine learning, sentiment analysis, and behavioral finance can
collectively contribute to more intelligent and adaptive investment systems. As financial markets continue to evolve under
the influence of digital communication and behavioral dynamics, integrated predictive models are likely to become

increasingly important for portfolio management, risk assessment, and strategic investment decision-making.
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