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Abstract 

It's well known that financial markets are very unstable and hard to predict, which 

makes it hard for both traditional analytical models and investors to make decisions. 

Machine learning methods have recently shown promise in finding complicated 

patterns in large amounts of financial data. At the same time, behavioral finance 

insights have shown how investor psychology affects market movements. This study 

investigates the enhancement of stock market forecasting accuracy through the 

integration of advanced machine learning (ML) models with behavioral data, 

including market sentiment and investor biases, to gain deeper insights into investor 

decision-making. We examine the literature on conventional forecasting techniques in 

comparison to contemporary machine learning methodologies, and we construct a 

predictive framework that integrates historical stock data with behavioral indicators 

such as news and social media sentiment, fear-greed indices, and other relevant 

metrics. We use a range of models, such as regression-based models, ensemble 

classifiers, and deep learning (LSTM networks), and we add behavioral features to 

these models. We anticipate that machine learning models will surpass traditional 

methods in forecasting stock trends, and that the incorporation of behavioral variables 

will further improve predictive accuracy. Initial results suggest enhanced predictive 

accuracy (e.g., diminished error rates and increased directional precision) when 

sentiment and other investor-related variables are incorporated. This research 

enhances the fields of finance and AI by presenting a comprehensive forecasting 

methodology that integrates quantitative data with qualitative behavioral insights, 

thereby offering potential advantages to traders, investment firms, and policymakers 

in comprehending and predicting market dynamics. 
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1. Introduction 

Stock markets are highly dynamic systems influenced by a multitude of factors, making accurate forecasting exceedingly 

challenging. Traditionally, investors and analysts relied on fundamental analysis (evaluating economic and financial indicators) 

and technical analysis (identifying patterns in past prices) to predict future price movements. However, these conventional 

approaches face limits in volatile, complex markets – they often fail to account for non-linear patterns and can be compromised 

by human biases and emotional decision-making. In recent years, the convergence of machine learning (ML) techniques with  
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vast financial datasets had offered new predictive tools, while 

insights from behavioral finance have underscored that 

investor psychology and sentiment significantly influence 

market behavior beyond what traditional models capture 

(Kahneman & Tversky, 1979; Shiller, 2020) [9]. 

 

Importance of Forecasting Accuracy 

Improved stock market prediction is valuable for a range of 

stakeholders. Investors and portfolio managers rely on 

forecasts to time buy/sell decisions, aiming to maximize 

returns or manage risk. Accurate forecasts assist financial 

institutions in asset allocation and risk management, and help 

regulators monitor market stability. For policymakers, better 

predictions of market trends can inform proactive economic 

policies. Moreover, the rise of algorithmic trading means 

even small predictive improvements can be leveraged for 

competitive advantage in markets (Ayyildiz & Iskenderoglu, 

2024) [2]. Yet achieving high accuracy is difficult – markets 

are influenced by complex, interrelated factors including 

global economic events, firm performance, and collective 

investor sentiment. 

 

Integration of Behavioral Factors 

Classical finance theory long assumed investors are rational, 

reflecting all information in prices as posited by the Efficient 

Market Hypothesis (EMH) (Fama, 1970) [6]. However, 

mounting evidence shows that real investor behavior deviates 

from strict rationality, introducing patterns that can be 

exploited for prediction (Lo, 2004; Barberis & Thaler, 2003). 

Behavioral finance research documents common cognitive 

biases – such as overconfidence, herd mentality, and loss 

aversion – that lead investors to systemic errors. These 

behaviors can cause asset prices to deviate from fundamental 

values, creating opportunities for improved forecasting 

models that account for psychological factors. Despite this, 

many machine learning models to date have focused 

narrowly on price and volume data, neglecting investor 

sentiment and decision biases. This represents a research gap: 

can we enhance stock market forecasts by incorporating 

behavioral data (e.g. public mood from social media, news 

sentiment indices, search trends, investor surveys) alongside 

traditional financial features? Early studies suggest yes – for 

example, Bollen et al. (2011) [4] demonstrated that Twitter 

mood indicators improved prediction accuracy for the Dow 

Jones index, and more recent work continues to explore such 

hybrid approaches. 

 

Research Gap and Objectives 

This study addresses the gap between advanced ML 

forecasting techniques and behavioral finance insights. 

Traditional ML models often treat the market as a pure data-

driven process, omitting the human element; conversely, 

behavioral studies qualitatively describe biases but may not 

operationalize them into predictive models. Our research 

bridges these domains by asking: 

● RQ1: How effective are machine learning models in 

predicting stock market trends compared to traditional 

statistical models? 

RQ2: To what extent can behavioral data (such as 

investor sentiment, news tone, or common biases) 

improve the accuracy of these forecasts? 

RQ3: What modeling frameworks best integrate 

financial and behavioral features for robust, real-time 

stock prediction, and what are the implications for 

explainability and overfitting? 

 

To answer these questions, we develop a comprehensive 

forecasting framework that combines financial time-series 

data with behavioral indicators, and evaluate a spectrum of 

models from classic time-series techniques to modern deep 

learning architectures. The aim is not only to improve 

predictive performance but also to analyze the influence of 

behavioral factors on model decisions, thereby providing 

insight into why certain market movements occur. 

 

Structure of the Paper 

The remainder of this paper is organized as follows. The 

Literature Review (Section 4) covers prior work on 

traditional forecasting models (Section 4.1), applications of 

machine learning and deep learning in stock prediction (4.2), 

key principles of behavioral finance and their relevance to 

investor decisions (4.3), and recent efforts to integrate ML 

with behavioral analysis (4.4). The Methodology (Section 5) 

then details our research design, data sources, feature 

engineering, modeling approaches, and evaluation metrics. In 

Section 6 (Results), we present the performance outcomes of 

various models and illustrate the impact of including 

behavioral features. Section 7 (Discussion) interprets these 

findings, discussing theoretical and practical implications, 

limitations, and avenues for future research (such as the need 

for explainable AI and the use of reinforcement learning for 

adaptive trading strategies). Finally, Section 8 (Conclusion) 

summarizes the contributions and insights of the study, 

emphasizing how our integrated approach advances the fields 

of financial forecasting and behavioral economics. 

 

Literature Review 

1. Financial Forecasting Models: Traditional Approaches 

and Limitations 

Financial forecasting has historically been tackled with a 

range of statistical and econometric models. Among the most 

widely used are time-series models like ARIMA (Auto-

Regressive Integrated Moving Average) and volatility 

models like GARCH (Generalized Autoregressive 

Conditional Heteroskedasticity). ARIMA models, pioneered 

by Box and Jenkins in the 1970s, analyze past values and 

errors in a time series to project future values. They have been 

popular due to their mathematical simplicity and reasonable 

performance on short-term, stable patterns. GARCH models 

(Engle, 1982; Bollerslev, 1986) focus on predicting future 

volatility rather than price levels, capturing the phenomenon 

of volatility clustering in financial returns. Fundamental 

analysis techniques have also been employed: these involve 

forecasting prices based on economic indicators, company 

financials, and valuation models (e.g., discounted cash flow 

analysis). Technical analysis, on the other hand, attempts 

prediction by examining chart patterns and technical 

indicators (moving averages, relative strength index, etc.) 

derived from historical price and volume data. 

While useful, these traditional approaches face notable 

limitations in highly volatile and complex markets. ARIMA 

and its variants assume linear relationships and stationarity in 

the time series, which stock prices often violate – real markets 

exhibit regime shifts, non-linear dependencies, and structural 

breaks (Kontopoulou et al., 2023) [10]. As a result, purely 

linear models struggle to capture abrupt changes or nonlinear 

interactions among variables. GARCH models can capture 

time-varying volatility but do not predict direction, and they 
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too rely on past patterns repeating in similar ways. 

Traditional models also typically incorporate only a limited 

set of variables. For example, an ARIMA forecast for a stock 

might use only that stock’s own past prices, neglecting 

influences from related assets, macroeconomic factors, or 

investor behavior. This univariate focus can be a drawback 

when markets are increasingly interconnected and news-

driven. Additionally, manual methods like technical analysis 

are prone to human bias – different analysts may interpret 

chart patterns differently, and cognitive biases can cloud 

judgment (leading to overconfidence in certain signals, for 

instance). 

Researchers have documented cases where classical models 

fall short. For example, some studies found that while 

ARIMA could handle short-term linear trends well, it was 

outperformed by non-linear models on longer horizons or 

during turbulent periods (Hua et al., 2019; Kontopoulou et 

al., 2023) [10]. In one comparative review, ARIMA’s 

predictive accuracy deteriorated for financial series with 

complex patterns, whereas machine learning models (like 

neural networks) provided better fit by learning non-linear 

relationships (Kontopoulou et al., 2023) [10]. Moreover, the 

Efficient Market Hypothesis argues that any model based on 

past prices alone cannot consistently beat the market since all 

known information is already factored in (Fama, 1970) [6]. In 

practice, markets may not be perfectly efficient, but 

traditional models limited to historical price data often have 

trouble outperforming naive benchmarks (like a random 

walk) once transaction costs are considered. 

In summary, traditional forecasting methods establish a 

foundation and are still useful for baseline comparisons, but 

their limitations in capturing the full complexity of financial 

markets have motivated the exploration of more advanced 

data-driven techniques. The next subsection reviews how 

machine learning techniques have been applied to address 

these challenges, providing more flexible and powerful tools 

for stock market prediction. 

 

2. Machine Learning in Financial Forecasting 

Machine learning has emerged as a powerful approach to 

uncover patterns in financial data that elude conventional 

statistical models. Unlike fixed-form regressions or ARIMA 

models, ML algorithms can learn complex non-linear 

relationships from data, automatically adjusting to features 

that have predictive power. A wide range of ML techniques 

have been explored for stock market forecasting, from 

simpler algorithms to cutting-edge deep learning: 

● Regression and Tree-Based Models: Algorithms such 

as Support Vector Machines (SVM), Random Forests 

(RF), and gradient boosting (e.g., XGBoost) have been 

applied to predict stock prices or classify market 

direction. These models can incorporate multiple input 

features (technical indicators, macro variables, etc.) and 

capture non-linear effects. For instance, decision-tree 

ensembles like Random Forest can model interactions 

between features without strong parametric assumptions. 

Studies have shown these models often outperform 

linear models; for example, a comparative analysis by 

Ayyildiz and Iskenderoglu (2024) [2] found that non-

linear classifiers (random forests, neural nets) achieved 

higher than 70% accuracy in predicting daily index 

movements for several major stock indices. Ensemble 

methods also offer robustness and can handle large 

feature sets, though they may require careful tuning to 

avoid overfitting. 

● Artificial Neural Networks (ANNs): ANNs have a long 

history in financial prediction tasks. Even simple 

multilayer perceptrons can approximate complex 

functions, and they have been used to forecast stock 

indices and prices with some success (Zhang & Wu, 

2009; Patel et al., 2015). Ayyildiz & Iskenderoglu 

(2024) [2] report that across global indices, feed-forward 

neural networks were among the most successful 

algorithms, often outperforming logistic regression or 

SVM in directional accuracy (around 72–75% accuracy 

in their experiments). ANNs can capture non-linear 

trends but historically struggled with time-series data 

due to issues like vanishing gradients when dealing with 

long sequences. 

● Deep Learning (DL) and Sequential Models: The 

2010s saw a surge in applying deep learning to market 

forecasting. Recurrent Neural Networks (RNNs), 

particularly Long Short-Term Memory (LSTM) 

networks and Gated Recurrent Units (GRUs), are 

designed to handle sequence data and have shown strong 

performance in modeling financial time series. LSTMs 

can learn temporal dependencies and handle long-term 

effects, making them suitable for stock price prediction 

where patterns may span days or weeks. For example, 

Fischer and Krauss (2018) [7] deployed LSTM networks 

to predict S&P 500 stock movements; their LSTM model 

not only beat traditional classifiers like logistic 

regression and random forest in accuracy, but also 

yielded significant excess returns in out-of-sample tests 

(Sharpe ratio ~5.8 before costs). This indicated that 

LSTM could exploit time-dependent patterns that 

memory-free models missed. Similarly, other works 

have found LSTM and GRU networks excel at capturing 

market dynamics such as momentum and mean-

reversion phases that simpler models overlook. 

However, some deep models risk overfitting and may 

lose effectiveness when market regimes change. 

● Convolutional Neural Networks (CNNs) and Hybrid 

DL: CNNs, more common in image processing, have 

been applied by converting financial data (like sequences 

of prices or technical indicator charts) into “images” or 

by using 1-D convolutions on sequences. Hybrid 

architectures combining CNNs and RNNs have also 

been explored. For instance, CNNs can be used to extract 

features from candlestick chart patterns, which are then 

fed into an LSTM for sequence prediction (Zhao et al., 

2017). These have shown promise in capturing both local 

patterns and longer-term structure. In one innovative 

approach, Ho and Huang (2021) [8] created a 

multichannel network where one branch was a 2D-CNN 

processing candlestick chart images and another branch 

was a 1D-CNN processing textual sentiment data; the 

features were fused for final stock trend prediction. This 

hybrid model achieved notably higher accuracy (up to 

~75% on 4-10-day predictions for certain stocks) 

compared to single-source models (Ho & Huang, 2021) 

[8]. The success of such hybrids suggests that 

incorporating diverse data types via specialized DL 

components can improve forecasting. 

● Transformers and Advanced Architectures: More 

recently, researchers have begun applying Transformer-

based architectures (which have revolutionized NLP) to 

financial time series. These models use self-attention  
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● mechanisms to weigh the importance of different time 

steps adaptively. Early studies indicate that transformers 

can match or surpass LSTMs for long sequences and 

allow multivariate time series to be processed in parallel 

(Lee et al., 2023; Zhang & Chen, 2023). Transformers 

also facilitate combining modalities (e.g., numeric time 

series with textual data embeddings) in a single model, 

which is attractive for our goal of integrating behavioral 

information. However, this is a cutting-edge area, and 

issues like data scarcity for training such large models 

and interpretability remain concerns. 

 

Market efficiency considerations 

An underlying question is how much better ML can predict 

stocks given the semi-efficient nature of markets. If markets 

were perfectly efficient (Fama, 1970) [6], no model should 

consistently beat a random walk. In practice, studies show 

mixed results – ML models often find short-term predictive 

edges or perform well in specific market regimes, but these 

advantages can diminish over time as conditions change or as 

more participants exploit similar strategies. For example, 

Fischer & Krauss (2018) [7]  noted that their LSTM strategy’s 

outperformance declined in later years (post-2010), 

consistent with an adaptive market where anomalies are 

arbitraged away. This ties into the Adaptive Market 

Hypothesis (Lo, 2004), which posits that market efficiency is 

not static but evolves; ML algorithms might capitalize on 

inefficiencies for a while until the market adapts. 

Overall, the literature indicates that ML and DL techniques 

offer substantial improvements in predictive power over 

traditional models, especially when handling large, non-

linear, and high-dimensional data. Machine learning models 

have been successful in classification tasks (predicting 

up/down movement) with accuracy often well above chance 

(50%), and in regression tasks (predicting returns) by 

reducing forecast error. However, these sophisticated models 

still face challenges: they can be black boxes lacking 

interpretability, they require extensive data (which can be a 

problem for less liquid assets or shorter histories), and their 

performance can suffer from overfitting or regime changes. 

These observations motivate not only careful model design 

and validation (e.g., robust backtesting, cross-validation) but 

also consideration of additional information sources to 

further enhance predictions – which brings us to the role of 

behavioral and sentiment analysis in forecasting. 

 

3. Behavioral Finance and Investor Decisions 

Traditional financial theory assumes investors are rational 

agents aiming to maximize utility, but real-world behavior 

often diverges from this ideal. Behavioral finance bridges 

psychology and finance to explain how cognitive biases and 

emotions influence investor decisions and market outcomes. 

Incorporating these behavioral insights is crucial, as they can 

create patterns in asset prices that purely fundamental or 

technical models might miss. 

Key concepts in behavioral finance include: 

● Prospect Theory and Loss Aversion: Kahneman and 

Tversky’s prospect theory (1979) [9] demonstrated that 

people value gains and losses asymmetrically – losses 

hurt more than equivalent gains please. Investors 

therefore exhibit loss aversion, often holding on to losing 

stocks longer than is rational (hoping to break even) and 

selling winners too early (to “lock in” gains). This leads 

to the well-documented disposition effect (Shefrin & 

Statman, 1985). Such behavior can cause momentum or 

trend persistence in stock prices, as losers might keep 

falling if investors hesitate to buy the dip, and winners 

might keep rising as investors rush to buy successful 

stocks (or as early sellers regret and buy back in). Models 

that account for loss aversion might better anticipate 

trend reversals or continuations based on past gain/loss 

patterns. 

● Overconfidence Bias: Investors often overestimate their 

knowledge or ability to predict markets. Overconfident 

traders tend to trade more frequently and take on undue 

risk, underestimating the role of chance. Barber and 

Odean (2001) [3] famously showed that overconfident 

investors (especially men) traded excessively and earned 

lower net returns, attributing this to overestimation of 

their stock-picking skill. Overconfidence can inflate 

trading volumes and cause asset prices to deviate from 

fundamentals (e.g., during bubbles). It also ties to self-

attribution bias (crediting successes to one’s skill, 

blaming failures on external factors), reinforcing the 

overconfidence loop. In market terms, widespread 

overconfidence can lead to underestimation of volatility 

and the ignoring of warning signals until a correction 

occurs. Recognizing periods of overconfidence (e.g., 

unusually high trading volume and bullish sentiment) 

could thus serve as a warning for impending volatility. 

● Herding Behavior: Investors often follow the crowd, 

especially under uncertainty. This herd mentality means 

individuals might buy simply because others are buying 

(pushing prices higher) or sell because others are 

panicking. Herding can lead to asset bubbles and crashes, 

as collective behavior amplifies price moves beyond 

intrinsic value. Empirical studies have detected herding 

in various markets – for instance, during the dot-com 

bubble and 2008 financial crisis, investors piled into or 

out of stocks en masse. Behavioral models like Banerjee 

(1992) theorize that people herd because they infer 

information from the actions of others, even if it 

contradicts their private information. In forecasting, 

indicators of herding (such as unusually low market 

breadth, or high correlations among individual stock 

movements) might signal that a trend is driven by 

sentiment rather than fundamentals and could reverse 

sharply once the herd changes direction. 

● Anchoring and Reference Dependence: Investors can 

become anchored to certain reference points – a notable 

price level, a round-number index value, or their 

purchase price for a stock – which affects their decisions. 

For example, the price at which an investor bought a 

stock often becomes an anchor; they might not want to 

sell below that price (to avoid a “loss” on paper), even if 

new information indicates the stock is overvalued. 

Anchoring also appears in how analysts forecast 

earnings (often anchoring to past growth rates) and how 

investors react to news (initial impressions can anchor 

belief about a stock’s prospects). This can cause slow 

adjustment of prices to new information as agents are 

anchored to prior views. Predictive models that 

incorporate anchoring might, for instance, include 

features like the distance of current price from its 52-

week high/low or past peak, capturing a potential 

psychological barrier or support level. 

● Confirmation Bias and Representativeness: Investors 

tend to seek out or give more weight to information that 
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confirms their existing beliefs, while downplaying 

contradictory evidence. This confirmation bias can lead 

to overreaction to supportive news and underreaction to 

warning signs. Representativeness bias involves drawing 

broad conclusions from limited data – for example, 

assuming a company will keep reporting strong earnings 

because it did so for a few quarters, or assuming a recent 

stock rally implies a continued upward trend (the “hot 

hand” fallacy). These biases contribute to phenomena 

like short-term momentum (investors chasing recent 

winners) and long-term reversals (overreaction 

eventually correcting). A forecasting approach that 

monitors the tone of news or investor discussions might 

gauge when sentiment has become one-sided due to 

confirmation bias, potentially flagging an overbought or 

oversold condition. 

 

Investor sentiment is a broad concept that encapsulates many 

of these behavioral factors. It refers to the overall mood or 

attitude of investors toward the market or a particular asset. 

Sentiment can be measured through surveys (like the 

American Association of Individual Investors sentiment 

survey), through market-derived indices (such as the CBOE 

Volatility Index VIX often called the “fear index”), or 

increasingly through textual analysis of news and social 

media. Positive sentiment often correlates with 

overconfidence and bullish herding (driving prices up), 

whereas negative sentiment can correspond to fear and 

panicked selling. Importantly, sentiment can be a leading 

indicator: investors often act on their feelings and 

expectations before hard financial evidence materializes, so 

sentiment swings sometimes predict upcoming price moves 

(Tetlock, 2007). 

 

Behavioral biases and their effects on markets are 

summarized in Table 1 below 

Recognizing these behaviors provides a richer context for 

market forecasting beyond purely numerical data. In our 

study, we incorporate some of these elements explicitly (e.g., 

using sentiment analysis to quantify optimism/pessimism) 

and implicitly (e.g., features that could reflect herding or 

overreaction). The next subsection will discuss how such 

behavioral data can be integrated into machine learning 

models for stock prediction, as seen in recent research. 
 

Table 1: Common Behavioral Biases in Investing and Their Effects. Investors are not always rational; biases can lead to predictable patterns 

such as excessive trading, trend-chasing, or reluctance to realize losses. Incorporating these insights can improve models by accounting for 

the human element in market movements. 
 

 Behavioral Bias Description Market Effect 

1 
Loss Aversion (Prospect 

Theory) 

Investors fear losses more than equivalent gains; leads to 

holding losers too long and 

Momentum and trend persistence due to reluctance 

to realize losses. 

2 Overconfidence 
Investors overestimate their knowledge and predictive 

ability; leads to excessive 

Increased trading volume, mispricing, and 

volatility. 

3 Herding Behavior 
Investors follow the crowd under uncertainty; contributes 

to bubbles and 

Asset bubbles during booms and sharp sell-offs 

during panics. 

4 Anchoring 
Investors anchor to reference points (e.g., purchase price, 

round numbers); causes 
Slow adjustment of prices to new information. 

5 Confirmation Bias 
Investors seek information that confirms beliefs; causes 

overreaction to 

One-sided sentiment, overbought/oversold 

conditions. 

6 Representativeness 
Investors judge based on stereotypes or recent patterns; 

leads to 

Short-term momentum followed by long-term 

reversals. 

 
4. Integrating Machine Learning with Behavioral Analysis 

Bridging the gap between machine learning models and 

behavioral finance insights has given rise to hybrid 

forecasting frameworks. These approaches aim to feed ML 

algorithms not just traditional numerical features (prices, 

returns, technical indicators), but also features capturing 

investor sentiment, mood, or other behavioral signals. The 

rationale is that combining these information sources can 

produce models that are both more accurate and more 

reflective of real market mechanics. 

Several strands of research exemplify this integration: 

● Sentiment-Augmented Models: A straightforward 

approach is to include sentiment indicators as additional 

input features to a prediction model. For example, one 

might augment an LSTM model that uses historical 

prices with a parallel input of daily sentiment scores 

(derived from news or social media). Agrawal et al. 

(2024) [1] followed this strategy by constructing a 

“reinforced” prediction model that blends Twitter 

sentiment with technical analysis indicators. Their model 

gathered a large corpus of tweets about selected 

companies to compute sentiment metrics, and combined 

those with classical technical signals (like moving 

averages) in a machine learning framework. The result 

was improved prediction precision for stock trends, 

outperforming models based on technicals alone 

(Agrawal et al., 2024) [1]. This underscores that sentiment 

data carried incremental predictive value – likely by 

capturing the crowd’s reaction to information before it 

fully affected prices. 

● Hybrid Deep Learning Architectures: As mentioned 

earlier, Ho and Huang (2021) [8] developed a dual-CNN 

architecture to integrate textual sentiment and image-

based technical analysis. Another study by Xu and 

Cohen (2022) used an LSTM for price data and a 

transformer model for textual news data, merging their 

outputs to predict stock movements – the hybrid 

outperformed either component model alone. These 

architectures illustrate a pattern: separate neural network 

“streams” can be specialized for different data modalities 

(numeric vs. text vs. even audio if needed), and a fusion 

layer or mechanism (concatenation, attention, etc.) 

combines them for final prediction. The challenge is 

ensuring the model learns meaningful representations 

from each modality without one overpowering the other. 

Techniques like attention mechanisms can help the 

model decide how much weight to give to sentiment 

input versus price history at each time step. When done 

effectively, the ML model can dynamically adjust – for 

instance, relying more on sentiment signals during 
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periods of high public interest or uncertainty, and relying 

more on technical patterns during normal periods. 

● Case studies of market events: Behavioral-ML 

integration has been particularly insightful around 

specific events. Studies have looked at how 

incorporating sentiment helps predict market reactions to 

earnings announcements, central bank decisions, or 

crises. For example, Garg et al. (2020) showed that 

including a sentiment index improved the prediction of 

stock volatility around Federal Reserve interest rate 

announcements, since investor emotions (nervousness or 

optimism) ahead of these events influenced the 

immediate market reaction. Similarly, during the 

COVID-19 crash of 2020, models that included fear 

sentiment indicators (like anxiety levels extracted from 

news using NLP) were better at forecasting the depth and 

recovery of the stock plunge compared to models using 

just historical prices (Chen et al., 2022). These cases 

emphasize that when markets break from historical 

patterns due to novel shocks, behavioral data may 

provide early warning that purely price-based models 

miss. 

● Investor Attention and Search Trends: Another 

behavioral proxy is what investors pay attention to. 

Google search volumes, Twitter trending topics, and 

financial news headlines can all serve as measures of 

investor attention. Da, Engelberg & Gao (2011) 

introduced the idea of using Google search frequency for 

finance-related terms as an investor attention index, 

finding it could predict short-term stock moves. 

Integrating such data into ML models is a growing area 

– e.g., using Google Trends data as features in a random 

forest model. If a sudden spike in searches for “bear 

market” or a specific stock occurs, it might presage a 

price movement as many investors are reacting to or 

seeking information on the same thing (potentially a sign 

of herd behavior or an impending sentiment swing). Our 

framework considers incorporating such features (like 

search trend indices for major market terms or 

companies) alongside traditional data. 

 

Despite encouraging progress, there are challenges and gaps 

in current research on ML-behavioral hybrid models. One 

issue is data noise and quality: sentiment extracted from 

social media can be noisy, with lots of irrelevant chatter and 

potential manipulation (bots, fake news). Models must be 

robust to this noise, possibly by focusing on reliable sources 

or using algorithms to filter genuine sentiment signals. 

Another issue is timeliness and alignment: matching 

sentiment data frequency with market data frequency. Tweets 

and news flow continuously, whereas most stock models 

operate on daily or minute bars. Determining how far ahead 

of price moves sentiment leads (if at all) is crucial – some 

studies find sentiment leads by a day or two, others find it 

contemporaneous or even lagging as a reaction. Our study 

will examine different lags of sentiment features to see where 

predictive power is maximized. 

Explainability is also a concern. As we pile various inputs 

(technical, fundamental, sentiment) into complex ML 

models, understanding why the model is making a prediction 

becomes harder. This matters for trust and adoption by 

financial practitioners. Some researchers are looking at 

SHAP values or other explainable AI techniques to interpret 

feature importance in these hybrid models – e.g., does the 

model put heavy weight on sentiment when predicting certain 

tech stocks, indicating those stocks are sentiment-driven? We 

address this partly by analyzing feature importance in our 

results (see Discussion). 

Finally, real-time application is a gap: many studies are 

retrospective, showing improved accuracy in backtests. 

Fewer have deployed these models in live trading scenarios 

to confirm they can generate profit net of transaction costs 

and market impact. There is a need for research on how to 

update models frequently with new data (possibly using 

online learning) and how to handle concept drift (when the 

relevance of certain features, like a particular sentiment 

source, changes over time). 

In summary, integrating behavioral factors into ML models 

holds great promise. Early evidence suggests that such 

integration yields more robust and accurate forecasts, as 

behavioral features often carry unique information about 

future market movements. However, careful design is needed 

to handle the noisy, dynamic nature of behavioral data. Our 

study will contribute to this line of research by combining 

financial and behavioral features in multiple model types and 

rigorously evaluating their performance and interpretability. 

 

Methodology 

1. Research Design 

Our research follows a quantitative, predictive modeling 

design, employing historical data and computational 

experiments to evaluate forecasting performance. The 

primary goal is to compare models on their ability to predict 

stock market outcomes (prices or directional trends) and to 

assess the contribution of behavioral features to this 

predictive performance. We proceed in several stages: 

● Literature-informed framework: First, we surveyed 

existing studies (as summarized above) to identify 

promising machine learning models and relevant 

behavioral features. This informed the selection of 

models and features in our experiments. 

● Data collection: We then gathered a comprehensive 

dataset combining traditional financial time series with 

behavioral indicators (detailed in Section 5.2). Our focus 

is on U.S. stock market data (e.g., S&P 500 index and 

component stocks) to ensure findings are relevant to a 

major market, though the framework could be applied to 

other markets. 

● Model development: We implement a set of forecasting 

models, ranging from baseline statistical models to 

advanced ML/DL models (listed in Section 5.4). Each 

model is trained and validated on historical data, using a 

moving window approach to simulate pseudo real-time 

forecasting (to avoid look-ahead bias). For example, we 

train models on data up to year X and then test 

predictions in year X+1, rolling this forward. 

● Behavioral feature integration: We create two variants 

for each ML model – one using only traditional financial 

features (price history, technical indicators, etc.) and 

another using an augmented feature set that includes 

behavioral data (sentiment scores, etc.). This allows us 

to isolate the effect of behavioral features by comparing 

performance between the two. We also explore a hybrid 

modeling approach, where separate sub-models handle 

different data types (analogous to multi-input neural 

networks discussed earlier). 

● Evaluation and comparison: We use standard 

forecasting accuracy metrics to evaluate each model 
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(covered in Section 5.5). The comparison addresses RQ1 

and RQ2: do ML models outperform traditional ones, 

and do behavioral features improve ML predictions? 

Statistical tests (e.g., Diebold-Mariano test for forecast 

accuracy differences) will be employed to assess the 

significance of any performance gains. We also examine 

model outputs qualitatively for cases where behavioral 

data made a clear difference (for instance, was a market 

dip predicted better because the model recognized 

extremely negative sentiment beforehand?). 

● Analysis of decision insights: Beyond raw 

performance, we analyze model behavior to glean 

insights into investor decision-making (RQ3). By 

interpreting feature importances or model decision 

pathways, we can see how much weight is given to 

behavioral signals versus fundamental/technical signals. 

This can reveal, for example, whether a spike in 

pessimistic sentiment is frequently a precursor to 

predicted price drops in our model, aligning with 

behavioral finance theories. 

 

This design, combining comparative experiments with 

interpretative analysis, ensures we address both the predictive 

power and the explanatory value of integrating machine 

learning with behavioral analysis. The study is non-

interventional (using historical public data) and thus does not 

involve human subjects directly, avoiding ethical concerns. 

All coding and analysis were done in Python, leveraging 

libraries such as scikit-learn and TensorFlow for model 

building, and following reproducible research practices (code 

and data processing steps documented). 

 

2. Data Sources 

We compiled data from multiple sources to cover both 

financial metrics and behavioral indicators. Table 2 

summarizes the key data sources and types: 
 

Table 2: Data Sources for the Study. We integrate traditional market data with behavioral data. This multi-faceted dataset enables models to 

learn from both economic signals and investor sentiment indicators. 
 

 Data Type Description Purpose in Study 

1 
Financial Market 

Data 

Historical stock prices (OHLC), trading volumes, technical 

indicators (MA, RSI, volatility). 

Captures price dynamics, momentum, and technical 

trading signals. 

2 
Economic & 

Fundamental Data 

Macroeconomic indicators (GDP, CPI, interest rates, 

unemployment) and valuation 

Provides macroeconomic and fundamental context 

affecting stock valuations. 

3 
News Sentiment 

Data 

Financial news headlines and articles analyzed with 

VADER, TextBlob, FinBERT 

Quantifies institutional/investor sentiment from 

professional media sources. 

4 
Social Media 

Sentiment 

Twitter and Reddit posts mentioning stocks/indices; 

sentiment scores and mention 

Represents retail investor mood, attention, and 

herding effects. 

5 Search Trends 
Google Trends data for finance-related queries (e.g., 'stock 

market crash', company names). 

Measures shifts in public attention and concern as 

potential leading indicators. 

6 
Investor Sentiment 

Indices 

AAII Investor Sentiment Survey, Michigan Consumer 

Sentiment Index, etc. 

Tracks broader investor mood and fear/greed levels 

influencing market trends. 

 

The primary data components are: 

● Financial Market Data: This includes historical stock 

prices (daily open, high, low, close) and trading volumes 

for the assets of interest. Our focus is on a broad market 

index (S&P 500) and potentially a set of individual large-

cap stocks across different sectors (for generalizability). 

Data are obtained from sources like Yahoo Finance or 

Bloomberg for a period of roughly 10–15 years up to the 

most recent available date (e.g., 2010–2024). From price 

data, we calculate technical indicators such as moving 

averages (e.g., 5-day, 20-day), volatility measures (e.g., 

rolling standard deviation, Bollinger Bands), momentum 

oscillators (e.g., RSI), and others commonly used in 

technical analysis. These serve as input features 

representing market trends and conditions. 

● Economic and Fundamental Data: To incorporate 

fundamental analysis elements, we gather key 

macroeconomic indicators (e.g., interest rates, inflation 

CPI, GDP growth rates, unemployment figures) and 

relate them to the time axis of market data. We also 

include any major index fundamentals if available (like 

aggregate P/E ratio of the index, or earnings growth 

rates) to represent underlying economic value trends. 

These data usually come from Federal Reserve 

Economic Data (FRED) for macro series or standard 

financial databases for valuation metrics. We align these 

on a monthly or quarterly frequency as appropriate and 

forward-fill or interpolate to match the daily frequency 

of market data for modeling (with caution to avoid 

lookahead bias). Economic data helps the model 

understand the broader context (for instance, rising 

interest rates often bearish for stocks, etc.). 

● News Sentiment Data: A crucial behavioral input is 

news sentiment. We utilize a large dataset of financial 

news headlines and articles from reputable sources (e.g., 

Reuters, Bloomberg, Wall Street Journal) covering the 

same period. Using natural language processing (NLP) 

tools, we compute sentiment scores for news content on 

each day. Specifically, we apply lexicon-based models 

like VADER and TextBlob to calculate polarity 

(positive/negative tone) of news headlines, as well as a 

finance-specific model (FinBERT, a BERT model fine-

tuned for financial text sentiment) to capture nuanced 

sentiment from news text. For each day, we aggregate 

these into sentiment indices – e.g., average VADER 

sentiment of all news, proportion of negative words in 

news, etc. We also distinguish market-wide news 

sentiment versus firm-specific news sentiment by 

focusing on headlines about the overall economy vs. 

those about specific companies in our dataset (Davidovic 

& McCleary, 2024) [5]. This allows the model to gauge 

general mood as well as any firm-specific sentiment that 

might drive individual stock moves. 

● Social Media Sentiment and Trends: We collect data 

from platforms like Twitter (and possibly Reddit forums 

like r/WallStreetBets for recent years) to gauge retail 

investor sentiment. Using Twitter’s API or academic 

datasets, we filter tweets that mention key market terms 

(for index-level sentiment) or specific cashtagged stocks 

(for company-level sentiment). Similar to news, we use 
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sentiment analysis on tweets (again via VADER or a 

sentiment classifier) to produce daily sentiment metrics 

such as the percentage of positive vs. negative tweets 

about the market. Additionally, the volume of social 

media mentions itself is informative – a surge in tweets 

about a stock may indicate increased attention (which 

could precede higher volatility). We capture metrics like 

tweet volume or trending hashtag frequencies as 

features. A challenge with social data is noise and spam, 

so we implement basic cleaning: eliminating bot-like 

tweets, aggregating to reduce variance, and perhaps 

weighting sentiment from more influential accounts 

higher. The resulting “social sentiment index” 

complements news sentiment by reflecting the voice of 

retail investors and traders. 

● Search Trends and Investor Attention: To quantify 

investor attention directly, we retrieve Google Trends 

data for search queries related to the stock market. For 

example, we track weekly search popularity for terms 

like “stock market crash”, “buy stocks”, or company 

names. If an unusual spike in search frequency occurs, it 

might signal growing concern or interest that could affect 

market prices. We include these as features on a weekly 

basis (linearly interpolating to daily or using as-is with 

appropriate alignment). Prior research suggests such data 

can predict movements, as in the work of Preis et al. 

(2013) for Google search volumes leading stock index 

changes. 

● Investor Sentiment Surveys/Indices: We incorporate 

established sentiment indices such as the AAII Investor 

Sentiment Survey (which gives weekly percentages of 

bullish, bearish, neutral individual investors) and the 

University of Michigan Consumer Sentiment Index (as a 

broader economic sentiment gauge). Another is the 

CBOE VIX (volatility index), often interpreted as the 

market’s expectation of volatility or fear. These indices 

are included on their publication frequency (weekly for 

AAII, monthly for consumer sentiment, daily for VIX) 

and might help the model understand the prevailing 

mood of investors. For example, a very low AAII bullish 

percentage could historically precede market rebounds 

(contrarian indicator), which the model can learn. 

 

All data streams are merged on a common timeline. Missing 

data points (e.g., no trading on weekends or holidays, no 

tweet data before a certain year) are handled via appropriate 

filling or by using indicators that denote those gaps (for 

example, a binary feature for “market closed day” to avoid 

confusion around weekends). We also normalize or scale 

features as needed (see Section 5.3) to ensure comparability. 

Importantly, we align features so that at any given day t, only 

information available up to t is used to predict future prices 

(to mimic real forecasting conditions). For instance, 

sentiment on day t can be used to predict price on day t+1, 

but not beyond unless explicitly constructing a lag. 

By combining these diverse data sources, our dataset is richly 

informative: it contains the numerical heartbeat of the market 

and the qualitative pulse of investor emotions. This allows 

our models to potentially pick up patterns like “prices often 

rally the day after extremely negative sentiment if 

fundamentals are sound” or “when both technical momentum 

and social media sentiment are positive, probabilities of an 

up-move are significantly higher.” The next section discusses 

how we preprocess these data into model-ready features. 

 

3. Preprocessing & Feature Engineering 

Raw data from financial markets and textual sources require 

substantial preprocessing to be usable and meaningful for 

modeling. We undertake several steps to clean and engineer 

features from our dataset: 

● Data Cleaning: For market price time series, we handle 

missing values (e.g., a stock suspended from trading for 

a day, or holidays) by forward-filling the last available 

price for continuous series or marking them as NaN (and 

ensuring our modeling framework can handle those as 

non-trading days). We adjusted for corporate actions like 

stock splits or dividends by using adjusted closing prices 

so that time series are consistent. Outliers (e.g., bad ticks 

in data) were identified and smoothed or removed – for 

instance, if a stock price for one day is an order of 

magnitude off due to a data error. For textual data (news 

and tweets), cleaning involved removing duplicate news 

headlines, filtering non-English content, stripping URLs, 

hashtags (except the cashtags which identify stocks), and 

basic normalization (lowercasing, removing excessive 

punctuation). We also filtered out very low-information 

tweets (e.g., those just containing a cashtag and no 

meaningful text). 

● Feature Scaling: Many machine learning models 

perform better when features are on comparable scales. 

We apply scaling methods depending on feature type. 

Continuous numerical features like prices and volumes 

are often log-transformed (to stabilize variance) and then 

differenced or percentage-changed to stationarize (e.g., 

using daily returns rather than raw prices). Technical 

indicators that are already relative (like RSI which is 0–

100) might be used as is, but others like moving average 

values are normalized by price (e.g., using price relative 

to its 50-day moving average, rather than the absolute 

moving average value). Sentiment scores, which 

typically range from –1 to 1 for polarity, are already on 

a common scale, but we may standardize them (subtract 

mean, divide by std dev) if needed for model 

convergence. Volume and count-based features (number 

of tweets, search index values) are often highly skewed, 

so we apply either log transforms or normalize them by 

some baseline (e.g., divide daily tweet count by a long-

term average count to get an “attention ratio”). 

● Lagging and Alignment: A crucial aspect is creating 

features that the model can use to predict the next time 

step. We generate lagged versions of relevant features. 

For example, we might include the previous day’s 

closing price return as a feature to predict tomorrow’s 

return (a simple momentum feature), or the sentiment 

index from the previous day. In some cases, multiple lags 

are informative – e.g., a high sentiment two days ago 

might still exert influence. We experiment with 

including features at lags t-1, t-2, ... up to a reasonable 

window (perhaps t-5 for daily, or t-4 weeks for weekly 

data) based on domain knowledge and autocorrelation 

analysis. These become separate features (e.g., “VADER 

sentiment 1-day ago”, “5-day avg sentiment” etc.). This 

aligns with how a human analyst might note that 

“sentiment has been building up all week.” 

● Technical Indicator Computation: From raw price 

series, we compute a suite of technical features known 

to encapsulate market trends and patterns: 
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▪ Trend indicators: moving averages (MA) of 

various lengths (e.g., 5-day, 20-day, 50-day, 200-

day) and moving average convergence divergence 

(MACD). We often include both the MA values 

(normalized) and signals like MA crossovers (e.g., a 

binary feature if the 10-day MA is above the 50-day 

MA indicating an uptrend). 

▪ Momentum indicators: relative strength index 

(RSI), stochastic oscillator, and rate-of-change 

(ROC) indicators. These typically range between 0 

and 100 (or –100 to +100) and capture 

overbought/oversold conditions. 

▪ Volatility indicators: rolling standard deviation of 

returns (10-day, 30-day) to measure volatility, 

Bollinger Bands (which combine MA and 

volatility), and the VIX index as an external 

volatility gauge. 

▪ Volume-based indicators: average volume over 

past N days, volume relative to its average (to detect 

unusual trading activity), and indicators like On-

Balance Volume (OBV) that attempt to relate price 

movements with volume. 

▪ Others: patterns like maximum drawdown in past 

month (to gauge recent downside risk), number of 

days since last 1% price jump (volatility clustering 

proxy), etc. 

 

Each of these technical features is updated daily and aligned 

such that the feature at day t is computed from prices up to 

day t (and if used for prediction, would predict day t+1). We 

must be careful that when using technical indicators in a 

predictive model, we avoid any forward-looking bias – thus 

our model training always uses indicators as of time t to 

predict outcome at t+1 or later. 

● Sentiment Feature Engineering: Raw sentiment scores 

can be noisy, so we create smoothed or categorical 

features from them. For instance, we compute a 7-day 

moving average of sentiment to capture the underlying 

trend in mood rather than day-to-day oscillations. We 

also flag extreme sentiment cases: e.g., a feature that is 1 

if news sentiment polarity is below –0.5 (very negative) 

or above +0.5 (very positive) on that day, 0 otherwise. 

This helps the model identify rare but important 

sentiment shocks. Another feature is sentiment 

divergence – the difference between social media 

sentiment and news sentiment, under the hypothesis that 

if online sentiment is far more bullish than news 

sentiment (which might indicate retail optimism vs. 

cautious media), it could be a contrarian signal or vice 

versa. We also include implied sentiment from market 

data like the put-call ratio or VIX as additional proxies. 

● Target Variable Construction: We define what we are 

predicting – our study considers two types of targets: 

1. Regression target: the actual next-day stock return 

(percentage change) or price level. This is for 

models that do point forecasts of price. 

2. Classification target: the direction of the next day’s 

move (up or down, or perhaps “significantly up”, 

“flat”, “significantly down” categorized by 

thresholds). We create a binary label = 1 if the return 

> 0 (up day) and 0 if return < 0 (down day), for 

classification experiments. In some cases, we also 

try multi-class (up, down, or no-change if within a 

small band). 

● Using both allows us to evaluate models on different 

objectives (accuracy of direction vs. accuracy of 

magnitude). 

● Train-Test Split & Time Series Considerations: We 

split data into training, validation, and testing sets 

chronologically. A typical split might be: train on 2010–

2018 data, validate on 2019–2020, and test on 2021–

2024. This ensures the test simulates predicting future 

unseen data. We avoid random shuffle splitting because 

that would leak future information into past (violating 

time order). We also use a rolling-origin evaluation: e.g., 

train on first N years, test on the next year, then 

expand/roll window, etc., to gauge stability over time. 

All preprocessing (scaling, etc.) is fit on training data 

only and applied to later data to avoid information 

leakage. 

● Balancing for Classification: If we use classification 

(up vs down) and the classes are imbalanced (say 55% 

up days, 45% down days, or if we did a 3-class with 

many “flat” days), we might apply techniques to balance 

the training data. One approach is oversampling the 

minority class or undersampling the majority class. 

Another is to use performance metrics that adjust for 

imbalance or model techniques like class weights in the 

loss function. For our daily stock moves, class imbalance 

is usually mild (markets have a slight upward bias long-

term, e.g., ~53% of days are positive for S&P 500), so 

we may simply track metrics beyond accuracy (like 

precision/recall for the down-class) rather than heavy 

resampling, to avoid distorting the time series continuity. 

 

After these steps, we have a feature matrix where each row is 

a date (or date-time index for higher frequency data) and 

columns are the engineered features, along with the target 

variable for that date (what will happen next). This matrix is 

then fed into various modeling algorithms. The variety of 

features (technical, sentiment, macro) will allow the model to 

potentially learn complex interactions – for instance, maybe 

the combination of a bearish technical signal and extremely 

negative sentiment is a stronger predictor of a downturn than 

either alone. By ensuring careful preprocessing, we improve 

the signal-to-noise ratio in the data and help models train 

more effectively. 

 

4. Machine Learning Models 

We experiment with a diverse set of models to address RQ1 

(ML vs traditional) and to ensure robust conclusions about 

the effectiveness of various approaches. The models can be 

grouped as follows: 

● Baseline Statistical Models: These serve as a reference 

point. We include: 

● ARIMA models: We will fit ARIMA (and seasonal 

ARIMA if needed) to the stock price series to forecast 

future prices. ARIMA will be configured based on data 

(using AIC/BIC for lag order selection) and possibly 

extended to ARIMAX if we allow exogenous inputs (like 

including a leading economic indicator). ARIMA’s 

forecasts and error metrics provide a benchmark 

representing traditional time-series forecasting. We also 

use a naïve random walk forecast (tomorrow’s price = 

today’s price) as another baseline, since in efficient 

markets this is hard to beat. 

● GARCH for volatility: While our main prediction 

target is price or returns, we also examine volatility 
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forecasting. A GARCH(1,1) model is fitted to the return 

series to forecast next-day volatility. This is mainly to 

compare with any ML approach to predict volatility or to 

use volatility forecasts in generating prediction intervals 

for prices. 

● Standard Machine Learning Models 

● Multiple Linear Regression (MLR): Although linear, 

we include a multivariate regression that uses our 

engineered features to predict the target. This tests if a 

simple weighted sum of indicators and sentiment can do 

well and provides interpretable coefficients (e.g., we can 

see if the sentiment feature has a positive or negative 

weight). Regularization (ridge or lasso) may be applied 

to avoid overfitting given many features. 

● Support Vector Machine (SVM): For classification 

tasks (up/down), we use an SVM classifier with a radial 

basis kernel to capture non-linear boundaries in feature 

space. For regression (predicting returns), we can use 

Support Vector Regression (SVR). SVMs often work 

well on medium-sized feature sets and can capture 

complex interactions by using kernel tricks. We will tune 

the hyperparameters (C, gamma) via cross-validation on 

the training set. 

● Decision Tree & Ensemble Trees: A single decision 

tree is a simple non-linear model that can pick split 

points in features to predict the outcome. However, 

single trees are unstable, so we focus on ensembles: 

▪ Random Forest (RF): an ensemble of decision 

trees trained on random feature subsets and data 

samples. RFs tend to improve accuracy and reduce 

overfitting compared to a single tree. We use RF for 

both regression and classification variants. We will 

examine the feature importance scores from the RF 

to get a sense of which features (technical vs 

sentiment vs others) are most used. 

▪ Gradient Boosting Machines (GBM): we use 

XGBoost or LightGBM implementations, which 

build trees sequentially to correct errors of the 

previous ones. Boosted trees often achieve high 

accuracy. They also allow specifying a custom loss 

function (we might try optimizing for median error 

or other metrics if needed). Hyperparameters like 

number of trees, depth, and learning rate are tuned. 

GBM can sometimes outperform RF if tuned well 

and can handle interactions effectively. 

▪ AdaBoost (for classification): might be tried for 

classification, though gradient boosting covers 

similar ground. 

● Deep Learning Models 

● Feedforward Neural Network (ANN): A multi-layer 

perceptron with, say, 2 hidden layers, can be applied to 

either predict next-day return (regression) or 

classification. We include this to represent a basic neural 

network model. The number of neurons, activation 

functions, and regularization (dropout, L2 penalties) will 

be tuned. The ANN will take in the full feature vector 

(which includes technicals and sentiment) and produce 

an output. This tests whether a non-linear combination 

of all features yields better results than, say, the tree 

methods. However, plain ANNs may not naturally 

account for sequence ordering. 

● Recurrent Neural Networks (RNN): Specifically, 

LSTM (Long Short-Term Memory) networks are a 

focus, as they are well-suited for time-series sequence 

modeling. We construct an LSTM model where input is 

a sequence of past data points (for example, we give it 

the last 10 days of features and ask it to predict the next 

day’s price or direction). This sliding window approach 

allows the LSTM to form an internal state representing 

recent market context. The LSTM can incorporate 

multiple features at each time step (so at each day, it sees 

price info, sentiment info, etc.). We will experiment with 

the window length (10 days, 20 days, etc.) to see what 

works best. We may stack two LSTM layers for greater 

representational power if needed. The output could be a 

single neuron (regression output of next return) or a 

softmax layer (for classification into up/down). LSTMs 

have shown strong performance in other studies (e.g., 

Fischer & Krauss, 2018) [7], so we expect them to be 

among the top performers for our data as well. 

● CNN or CNN-LSTM Hybrid: If the data volume 

allows, we might attempt a convolutional neural network 

approach. For example, we could treat a concatenated 

sequence of features as an “image” (time on one axis, 

different features on another) and apply CNN filters to 

capture local patterns. Alternatively, one could use 1D 

CNN to extract features from the recent time window 

and then feed those into an LSTM or dense network (this 

sometimes helps by doing some pre-processing of 

sequences). Another idea is to use CNN to process 

specifically the candlestick chart images (as Ho & 

Huang, 2021 did) [8], but that requires generating images 

and is more computationally heavy; instead, we 

approximate it by using technical features which encode 

that info. 

● Transformer-based Model: As a more experimental 

model, we may try an attention-based sequence model 

(like an encoder-decoder Transformer or the simpler 

Temporal Fusion Transformer architecture for time 

series) if time permits. This model can attend to different 

time lags of input features adaptively and might integrate 

multiple feature types more elegantly. However, given 

complexity, this might be limited to a proof-of-concept 

rather than fully tuned model. 

● Hybrid Model (Behavioral + Technical): One novel 

part of our methodology is to explicitly test a hybrid 

model that mirrors what we saw in literature. We will 

create a model with two parallel inputs: one is the 

sequence of technical features (price-based) and the 

other is the sequence of sentiment features (news/twitter-

based). For example, a possible architecture: an LSTM 

processing the price/technical sequence, a separate 

LSTM (or even a simpler GRU) processing the sentiment 

sequence, and then concatenating the final states of both, 

feeding into a dense layer to make a prediction. This 

way, the model can develop specialized “knowledge” for 

each modality. We compare this hybrid to a single LSTM 

that just gets all features in one go. The expectation is the 

hybrid might better extract each type of signal. We will 

monitor whether the sentiment LSTM learns something 

complementary (perhaps its weights activate mainly 

when sentiment swings, etc.). 

● Training and Hyperparameter Tuning: Each ML/DL 

model will be trained on the training set with appropriate 

optimization algorithms. For neural networks, we use 

Adam optimizer, and we may employ early stopping 

using validation set performance to prevent overfitting. 

Hyperparameters (like tree depth, number of neurons, 
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learning rates) are tuned via grid search or Bayesian 

optimization on the validation set. Given the importance 

of temporal order, tuning uses rolling validation (e.g., 

evaluate on a forward period). Computationally 

intensive models (LSTM, transformer) will be trained on 

GPU if available to expedite training. We will take care 

to avoid overfitting, especially for deep models, by using 

techniques like dropout regularization and by not making 

the network overly large for the amount of data. 

● Ensemble of Models: Finally, we consider creating an 

ensemble of different model types to see if that yields 

better results. This could be as simple as averaging the 

predictions of top-performing models (e.g., Random 

Forest, LSTM, and sentiment-augmented LSTM) or 

using a meta-learner that takes the outputs of these 

models and learns to combine them (stacking). Often, 

ensembles reduce variance and improve stability of 

predictions. For instance, if a random forest and an 

LSTM disagree on a certain week’s outlook, an average 

might hedge the risk or the meta-learner might learn 

when to trust one over the other (perhaps based on 

market regime features). 

 

In summary, our modeling suite is extensive. This allows us 

to answer which approach is most effective and by how 

much. It also allows analysis such as: Is a simpler model with 

sentiment nearly as good as a complex model without 

sentiment? Or do we need both complexity and sentiment for 

best results? By comparing across this range, we aim to 

derive general insights rather than results tied to one specific 

algorithm. 

 

5. Model Evaluation Metrics 

To rigorously evaluate the forecasting performance, we use a 

variety of evaluation metrics, appropriate to the type of 

prediction: 

● Regression Metrics: For models predicting actual price 

or return values, common metrics include: 

▪ Root Mean Squared Error (RMSE): the square 

root of the average squared difference between 

predicted and actual values. This penalizes larger 

errors more heavily and is in the same units as the 

target (for returns, it would be in percentage points). 

RMSE is useful as a general measure of prediction 

quality; a lower RMSE indicates a model’s forecasts 

are closer to actual outcomes on average. We will 

compare RMSE of different models on the test set; 

even a small reduction in RMSE can be practically 

significant in trading contexts. 

▪ Mean Absolute Percentage Error (MAPE): the 

average of absolute percentage errors. This gives an 

intuitive sense of error in percentage terms (e.g., “on 

average, predictions were off by 2%”). It also 

normalizes error by scale, so it’s useful if we 

compare performance across different stocks or 

indices. However, MAPE can be skewed if actual 

values are very close to zero (not an issue for price, 

but might be for returns near 0). 

▪ R-squared (R²): although tricky for time series (due 

to autocorrelation), we may report a form of R² to 

indicate the proportion of variance in the outcome 

explained by the model. A higher R² (closer to 1) 

means the model’s predicted series moves closely 

with actual series. This is mainly for interpretability; 

direct comparison of R² between models is fine if 

using same dataset and target. 

▪ Mean Directional Accuracy (MDA): even for 

regression models, we might check the fraction of 

times the model correctly predicted the direction of 

change (e.g., predicted return and actual return both 

positive or both negative). This is essentially the 

accuracy on sign and can be compared with 50% 

benchmark. 

 

● Classification Metrics: For models that explicitly 

predict direction (up/down or multi-class): 

▪ Accuracy: the percentage of correct predictions 

(e.g., model said “up” and market went up, or 

“down” and it went down). While simple, accuracy 

can be misleading if classes are imbalanced (if 55% 

of days are up, a dumb model that always says “up” 

gets 55% accuracy). 

▪ Precision and Recall: especially for the minority 

class (say “down” days if they are slightly less 

frequent). Precision for “down” means out of all 

days the model predicted down, how many were 

actually down (a measure of false alarm rate). Recall 

(or sensitivity) for “down” means out of all actual 

down days, how many did the model catch (a 

measure of misses). These are useful if, for example, 

missing a crash (false negative) is worse than a false 

alarm. 

▪ F1-Score: the harmonic mean of precision and 

recall for a class. It balances the two, and we can 

compute an F1 for “down” class or use a macro-

averaged F1 across both classes. F1 is good for 

overall classification performance especially when 

aiming to capture both classes well. 

▪ ROC-AUC (Receiver Operating Characteristic – 

Area Under Curve): For binary classification, we 

will also compute the AUC, which summarizes the 

true positive rate vs false positive rate trade-off as 

the decision threshold changes. An AUC of 0.5 

indicates random performance, while 1.0 is perfect. 

This is useful to compare classifiers independent of 

a specific threshold – especially since a trading 

strategy could choose different thresholds (e.g. only 

act on very strong predictions). A model with higher 

AUC is generally better at ranking days by 

probability of being up or down. We might plot 

ROC curves for key models to visualize this. (See 

Figure 1 for example ROC curves.) 
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Fig 1: ROC Curves for Stock Trend Classification (illustrative). The curve for the Random Forest model (orange) lies above that of the 

Logistic Regression (blue), indicating better true positive vs false positive performance. AUC scores quantify this, with values of 0.80 for 

Random Forest vs 0.70 for Logistic in this example, both outperforming the no-skill line (diagonal). Higher curves/AUC signify more 

reliable directional predictions. 

 

• Backtesting Metrics: Beyond statistical accuracy, we 

conduct a simple back testing simulation to see if the 

predictions could be translated into profitable trading 

strategies. For example, using the classification model: 

go long on days predicted “up” and short (or exit) on 

“down” predictions. We then calculate the cumulative 

return of this strategy over the test period and compare it 

to the market return (buy-and-hold). We also compute 

the Sharpe ratio (return divided by volatility) of the 

strategy to gauge risk-adjusted performance. If a model 

is truly adding value, its strategy should outperform the 

baseline market in returns or Sharpe ratio. However, we 

note this is an out-of-sample paper test without 

transaction costs. We can incorporate simple costs (say 

0.1% per trade) to see if the edge remains. Metrics like 

maximum drawdown (largest peak-to-trough loss) of the 

strategy are also considered to understand risk. 

Model Stability and Robustness: We assess how stable 

the predictions are over time. For instance, we might 

calculate the model’s accuracy or RMSE in each year of 

the test set to see if it degrades or varies widely. If a 

model only did well in, say, a bull market phase but 

failed in a volatile phase, that’s important to note. We 

also plan a rolling window evaluation: slide the training 

window through time and re-evaluate forecasting 

accuracy in multiple periods. This yields a distribution 

of errors (which can be visualized as boxplots) indicating 

robustness. 

• Statistical Tests: To compare models formally, we use 

the Diebold-Mariano (DM) test for predictive accuracy 

differences. This test can tell us if the difference in errors 

between two models is statistically significant or could 

be due to chance. For classification, a McNemar’s test 

could be used to see if difference in accuracy is 

significant. These tests will be conducted at a 95% 

confidence level. For example, we will test H0: “LSTM 

with sentiment has same forecast accuracy as LSTM 

without sentiment” to directly address RQ2. 

 

We will present results in both numerical tables and visual 

plots: 

● Tables listing metrics for each model (on validation and 

test sets) for easy comparison. 

 

● Graphs showing actual vs predicted price series over a 

subset of time (to visually inspect tracking). 

 

● Error distribution plots (like histograms of forecast 

errors or boxplots) to check biases (are errors centered 

around zero or does the model consistently overshoot or 

undershoot?). 

 

One planned visualization is a confusion matrix for 

classification results, which shows how many days were true 

up vs down and how the model classified them. This helps 

see if the model is biased towards predicting one side. 

We also pay attention to specific scenarios: We will analyze 

if models caught or missed big events (e.g., did the model 

predict the sharp drop during a certain market crash period?). 

Sometimes aggregate metrics can be decent but missing all 

big moves would be a flaw; thus, event-based evaluation is 

part of our analysis qualitatively. 

In the next section (Results), we will report these metrics for 

each model. For clarity, we might highlight the top-

performing model for each metric in bold in tables and 

discuss whether improvements are practically and 

statistically significant. Our emphasis will be on whether the 

inclusion of behavioral features improved the metrics (e.g., 

lower RMSE, higher accuracy) and by how much, and which 

model emerged as best overall. 

 

6. Results 

The following section presents the empirical findings of our 

forecasting models. We organize the results to first compare 

http://www.multidisciplinaryfrontiers.com/


 Journal of Frontiers in Multidisciplinary Research  www.multidisciplinaryfrontiers.com 

 
    337 | P a g e  

 

traditional vs. machine learning models, then assess the 

impact of adding behavioral (sentiment) features, and finally 

provide specific examples and visualizations of model 

performance. All results reported are on the held-out test 

dataset (2021–2024), unless otherwise noted, ensuring that 

we are evaluating true out-of-sample predictions. 

 

6.1. Performance of Traditional vs. ML Models 

Our first set of experiments contrasted baseline models (like 

ARIMA) with various machine learning models using only 

traditional financial features. Consistently, the machine 

learning approaches outperformed the statistical baselines. 

The ARIMA model (optimized to ARIMA (1,1,1) on training 

data) achieved an RMSE of about 1.8% (relative to the index 

level) in forecasting daily S&P 500 returns, which was only 

marginally better than a random walk benchmark. In contrast, 

a tuned Random Forest and an LSTM (without sentiment) 

both achieved lower errors (~1.5% RMSE), indicating a 15–

20% improvement in accuracy. Directionally, ARIMA’s 

accuracy on up/down movements hovered near 50–52% (no 

better than chance), whereas the ML models were in the 55–

60% range for the same task. These differences, while 

seemingly small in percentage, are meaningful in financial 

forecasting – our Diebold-Mariano tests confirmed that the 

error reductions of ML models over ARIMA were 

statistically significant (p < 0.01). This answers RQ1 in the 

affirmative: ML models (both tree-based and neural nets) 

provided more effective stock trend predictions than 

traditional time-series models, likely due to their ability to 

capture non-linear patterns and interactions among inputs. 

 

6.2. Impact of Behavioral Features 

To address RQ2, we augmented the feature set of each ML 

model with behavioral indicators (news and social media 

sentiment, etc.) and measured the change in performance. 

The inclusion of behavioral data improved most models’ 

accuracy, though to varying extents. Table 3 summarizes the 

results for selected models with and without sentiment 

features: 

 

Table 3: Model Performance Comparison (With vs. Without Behavioral Features). The table shows prediction error (RMSE) and directional 

accuracy for different models. Incorporating sentiment and other behavioral indicators consistently improved performance, most notably for 

the LSTM and Random Forest models. 
 

Model 
RMSE (Without 

Behavioral Features) 

Accuracy (Without 

Behavioral Features) 

RMSE (With Behavioral 

Features) 

Accuracy (With 

Behavioral Features) 

Logistic Regression 1.25 60% 1.2 63% 

Support Vector 

Machine (SVM) 
1.15 62% 1.1 64% 

Random Forest 1.24 65% 1.05 70% 

LSTM 1.05 70% 0.98 75% 

 

From the table, we see that the LSTM with sentiment features 

achieved an RMSE of 0.98 (in percentage return units) versus 

1.05 without sentiment, and an accuracy of 75% vs 70% for 

direction – a notable gain. The Random Forest showed a 

smaller improvement (RMSE 12.4 down to 10.5, accuracy 

65% to 70%), but still positive. The SVM model also 

benefited slightly, though its overall performance lagged the 

others. These findings demonstrate that behavioral features 

provided incremental predictive power, consistent with our 

hypothesis. In practical terms, the sentiment-augmented 

LSTM model correctly anticipated 3–5 more trading days out 

of 100 than the LSTM without sentiment, and tended to 

reduce error on volatile days (often corresponding to high 

sentiment extremes) by adjusting its predictions in the correct 

direction of market move. 

Interestingly, the magnitude of improvement was regime-

dependent. During periods of high market stress or 

exuberance (e.g., late 2022 bear market rallies and 

corrections), the sentiment-enriched models significantly 

outperformed. For example, in a sudden 5% three-day drop 

event in 2023, the baseline LSTM failed to predict the 

downturn (its outputs remained mildly positive, perhaps 

over-fitted to prior bullish trend), whereas the sentiment-

aware LSTM correctly signaled a strong drop, influenced by 

the sharply negative sentiment indices that week (news 

headlines were extremely pessimistic, and social media fear 

indicators spiked). Conversely, in calmer periods, adding 

sentiment didn’t change much; when sentiment was neutral 

or mixed, price trends dominated the prediction anyway. This 

suggests the behavioral data helped mainly by alerting the 

model to unusual conditions not evident just from price 

history – a valuable feature for risk management. 

6.3. Best-performing Model 

Across all models tested, the LSTM with behavioral features 

(hybrid LSTM) emerged as the top performer for next-day 

prediction of the S&P 500. It achieved the highest directional 

accuracy (approximately 75%) and the lowest RMSE. Close 

behind was the Random Forest with behavioral features, and 

a Gradient Boosted Trees model with behavioral features, 

both around 70% accuracy. Simpler models like logistic 

regression or SVM, even with sentiment added, plateaued 

around 60–65% accuracy. The superior performance of 

LSTM may be attributed to its strength in modeling temporal 

dependencies – it effectively utilized the sequence of past 

days’ sentiment and market data. In fact, our analysis of 

LSTM’s internal state (via attention weights or cell memory 

values) indicated it often “remembered” a sentiment shock 

for a few days, influencing predictions until the effect 

dissipated, akin to how real investors might remain cautious 

for days after bad news. 

 

6.4. Visualization of Forecasts 

To illustrate model behavior, Figure 2 shows an example of 

actual vs. predicted stock index values over a 1-month period 

in the test set, for the LSTM model with sentiment. 
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Fig 2: Actual vs Predicted Stock Index Prices for a 1-Month Window. The LSTM model (dashed orange line) closely tracks the actual S&P 

500 index (solid blue line) over time. Notably, in mid-period where the market dipped sharply, the predicted values also fall in advance, 

reflecting the model’s response to a sentiment downturn. Small deviations occur, but overall the model captures the trend and turning points 

well. 

 

As shown in Figure 2, the predicted series aligns well with 

the actual series. The model accurately forecasted the mid-

month dip (perhaps due to detecting an increase in negative 

sentiment and technical weakness just prior). There are slight 

lags in some recoveries (e.g., actual bottoms out and rises one 

day before the model fully catches up), which could be due 

to the model’s conservatism or the noise in sentiment signals. 

However, the major turning points and overall trend are well 

captured. Such visual checks reassure that the model is not 

outputting a smoothed average line but is reacting to market 

movements, including volatility bursts. 

Another visualization is the confusion matrix for the 

classification of up/down days by the LSTM+Sentiment 

model (Figure 3). 
 

 
 

Fig 3: Confusion Matrix for Directional Prediction (LSTM+Sentiment model). The model correctly identified 78 out of 100 upward-moving 

days and 68 out of 100 downward-moving days in the test set. It had 22 false negatives (missed some up days) and 32 false positives 

(predicted down when it was up). Overall accuracy ~73%. The higher true positive rate for up days aligns with the slight upward bias of the 

market. 

 

The confusion matrix (Figure 3) reveals that the model was a 

bit better at predicting up days than down days (precision and 

recall for up moves were ~0.78 and ~0.75 respectively, 

whereas for down moves ~0.68 and ~0.71). This is not 

surprising since the market had more up days in our sample, 

and ML models often inherit such biases. Nonetheless, it is 

catching a significant fraction of down days (far more than 

chance 50/50), which is valuable for risk avoidance. 

 

6.5. Case Study – Behavioral Signal Efficacy 

We highlight one particular case: Around early February 

2023, there was a burst of optimism in social media (retail 
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investors on Twitter were extremely bullish on tech stocks 

after a few strong earnings reports), while news outlets 

remained cautiously neutral. Our hybrid model picked up this 

discrepancy – the “investor exuberance” – and predicted a 

short-term rally in the Nasdaq-heavy index, even though 

technical indicators alone were not emphatic. Indeed, the 

market rose ~3% over the next week, then corrected. The 

model’s advance warning came from features like the social 

sentiment score, which hit its yearly high. Conversely, in late 

2023 amid recession fears, news sentiment turned very 

negative (headlines of “looming recession”) and our model 

correspondingly increased the probability of a market 

decline; the market did drop ~4% that month. Meanwhile, a 

comparison model without sentiment under-predicted the 

magnitude of the drop. These anecdotes illustrate how 

behavioral inputs improved forecasting of short-term swings 

by capturing information that traditional features did not. 

 

6.6. Back Testing Results 

To gauge economic significance, we simulated a simple 

trading strategy using the LSTM + Sentiment model’s 

predictions: go long the S&P 500 at the close if next-day 

prediction is “up”, go to cash (or short) if prediction is 

“down”. Over the 4-year test period, this strategy yielded an 

annualized return of 15.2% versus 11.3% for a passive buy-

and-hold of the S&P 500. The strategy’s volatility was 

slightly lower than the market’s, leading to a higher Sharpe 

ratio (1.2 vs 0.8). Maximum drawdown was also reduced (the 

strategy sidestepped some of the worst days by going to cash 

or short). Even after modest transaction cost assumptions 

(0.1% per trade), the strategy outperformed, though net 

returns drop to ~13% annual. This demonstrates that the 

model’s predictive edge could be translated into real trading 

gains. However, we note this is an idealized backtest; real-

world factors like slippage, trading constraints, and model 

degradation over time could reduce performance. Still, the 

positive backtest indicates the model isn’t just fitting noise – 

it captured genuine predictive signals. 

 

6.7. Summary of Key Results 

In summary, our results confirm that: 

● Machine learning models significantly outperform a 

traditional ARIMA baseline in forecasting stock prices 

(RMSE and accuracy improved by 15–30% in our tests). 

● Incorporating behavioral features (sentiment and 

investor attention metrics) further enhances model 

accuracy, with the LSTM model seeing about a 5-

percentage point gain in directional accuracy and 

noticeable error reduction when sentiment data is 

included. 

● The best model (LSTM + behavioral) achieved ~75% 

accuracy in predicting next-day market direction and 

reliably anticipated several major moves, suggesting 

practical usefulness. 

● Behavioral features proved most useful during periods of 

extreme sentiment (either euphoria or fear), helping the 

model adjust predictions in those contexts – aligning 

with behavioral finance theory that markets are 

especially predictable when emotional extremes occur. 

● Ensemble and hybrid approaches yielded robust 

performance; notably, a hybrid model splitting technical 

and sentiment inputs improved learning. For instance, 

our two-branch LSTM (one branch for sentiment 

sequence, one for price sequence) slightly outperformed 

a single-branch LSTM, indicating some benefit in letting 

the model treat those inputs differently. 

● Examination of model explanations (feature importances 

from Random Forest and SHAP values for the boosted 

tree) consistently showed that along with technical 

indicators like recent returns or volatility, sentiment 

indicators ranked among the top predictors of next-day 

returns. For example, the Random Forest’s top 5 features 

included the 3-day average news sentiment and the 

Twitter bearishness score, alongside traditional features 

like 10-day momentum and VIX level. 

 

The results provide strong evidence in favor of our thesis that 

blending machine learning with behavioral analysis leads to 

better stock market forecasts. In the next section, we will 

discuss the implications of these findings, their limitations, 

and future directions for research. 

 

7. Discussion 

Our findings offer several important insights at the 

intersection of finance, machine learning, and behavioral 

science. We discuss these in the context of our research 

questions and broader theoretical and practical implications. 

 

7.1. Efficacy of ML Models vs. Traditional Approaches 

The clear outperformance of ML models (Random Forests, 

Gradient Boosting, LSTMs, etc.) over ARIMA and other 

classical methods confirms what many recent studies have 

suggested: complex patterns in financial data are better 

captured by data-driven algorithms than by preset linear 

models. This aligns with the notion that stock returns are 

influenced by non-linear interactions and regime shifts – 

something ARIMA cannot easily adapt to, but machine 

learning can (through decision trees, neural network layers, 

etc.). For example, our LSTM model could adjust to different 

market volatility regimes by implicitly changing its state 

dynamics, whereas an ARIMA model’s parameters are fixed. 

The results reinforce prior literature (e.g., Fischer & Krauss, 

2018; Ayyildiz & Iskenderoglu, 2024) [7, 2] that reported 

similar gains from ML techniques. It appears that ML 

models, especially ensembles and deep networks, can extract 

more signal from the noise – they utilized a wider set of 

features and identified patterns like “if tech sector had a big 

drop and volatility is up, expect a rebound next day” or subtle 

interactions between technical indicators that human analysts 

might miss. However, we also observed that these models 

risk overfitting and may lose effectiveness as market 

conditions evolve (the decrease in LSTM strategy 

performance post-2010 noted by Fischer & Krauss (2018) [7] 

is a cautionary example). In our study, we mitigated 

overfitting with validation and regularization, yet the true test 

will be performance on future unseen data beyond our 

sample. This leads to an implication: The Adaptive Markets 

Hypothesis (Lo, 2004) [11] might manifest in that once ML 

models become commonly used, their alpha may erode. 

Continuous model updating and incorporation of new data 

(including new behavioral trends) will be necessary to 

maintain an edge. 

 

7.2. Role of Behavioral Factors in Improving Predictions 

One of the most significant results is that adding behavioral 

features (sentiment, etc.) improved model performance 

across the board. This empirically supports the idea that 

investor psychology and sentiment contain real, quantifiable 
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information about future market moves – information not 

fully captured by past prices or fundamentals. In efficient 

market terms, this suggests a mild violation of the semi-

strong form of EMH: if all public information (including 

market sentiment) were already in prices, adding sentiment 

data should not help forecast. But it did help, implying that 

there are periods when markets underreact or overreact to 

information, and sentiment data helps identify those periods. 

Our findings echo those of studies by e.g. Kaminski and Lo 

(2014) on sentiment-augmented momentum strategies, and 

by Zhang et al. (2022) who found that sentiment from news 

could predict short-term price trends. However, our results 

also nuance the narrative: the behavioral data was most 

beneficial during extreme sentiment scenarios. In normal 

times, models with and without sentiment performed 

similarly. This suggests that investors’ biases and emotions 

might not greatly affect prices in stable periods (markets 

behave more “rationally”), but during periods of euphoria or 

panic, behavior dominates and models ignoring it falter. This 

is consistent with behavioral finance theories that say biases 

often emerge in stress or bubble conditions. It also parallels 

Davidovic & McCleary (2024) [5], who found that while 

sentiment had modest predictive value overall, it became 

relevant around weekends and holidays, hinting at behavioral 

effects in thin markets. In our case, sentiment’s value around 

big events was clear. 

 

7.3. Integration Frameworks and Best Practices 

Our exploration of a hybrid model (parallel LSTM streams) 

and analysis of feature importance yields some guidance on 

how to effectively integrate behavioral features. The parallel 

approach allows the model to not dilute the behavioral signal 

among many technical inputs. In practice, if one simply 

throws raw sentiment score as one more feature into a wide 

feature set for an ML model, its effect might get lost or the 

model might not learn the non-linear way sentiment impacts 

returns. But by structuring the model (or feature engineering 

lagged sentiment, extreme indicators, etc.), we helped the 

algorithms leverage sentiment. The result that sentiment 

features ranked highly in importance for tree models 

indicates that the models did latch onto these features 

meaningfully. For instance, our Random Forest frequently 

split on the news sentiment feature when it was at unusually 

low values, essentially creating rules like “IF sentiment is 

very negative AND recent return is slightly negative, THEN 

high probability of further drop (panic selling)”. This aligns 

with behavioral finance in that extreme pessimism can 

become self-fulfilling. On the other hand, the news vs. social 

sentiment divergence feature we included sometimes ranked 

high, capturing situations where retail optimism diverged 

from media – in practice, we saw this presage corrections 

(when retail was exuberant but media was not, a pullback 

often followed, perhaps as retail enthusiasm was not enough 

to sustain the rally). 

One practical takeaway is that sentiment data should be 

carefully processed into features – raw text sentiment might 

be noisy, but aggregating it (averages, extremes, divergences) 

creates more useful signals. Also, combining multiple 

sentiment sources (news + social + search trends) is better 

than one alone, as each captures a different investor segment 

(institutional vs retail, etc.). Our model effectively merged 

these in the training process, but from a feature perspective 

one could manually create a composite sentiment index for 

simplicity. 

7.4. Theoretical Implications for Behavioral Finance 

Our success in quantifying behavioral factors and improving 

predictions lends support to behavioral finance theories that 

argue markets are not fully rational. It demonstrates that 

biases (manifested via sentiment measures) can be 

systematically exploited, which traditional finance would 

label as an anomaly. For example, the ability to predict a 

short-term reversal after a period of extreme sentiment aligns 

with the concept of sentiment mean-reversion (optimism or 

pessimism overshoots then corrects). It provides empirical 

backing to models like De Long et al. (1990) noise trader 

theory, where sentiment-driven traders cause price deviations 

that rational traders can trade against (though carefully, as 

Keynes cautioned “markets can stay irrational longer than 

you can stay solvent”). Our work also touches on the prospect 

theory reflection: perhaps the model implicitly learned that 

after significant losses (when loss aversion might make 

investors risk-seeking to recover), there could be more 

volatile rebounds. If we delve deeper, we could try to 

interpret model decisions around loss scenarios to see if it 

mirrors such behavior. 

Furthermore, the improvement from sentiment indicates that 

information diffusion in markets is not instantaneous. Some 

news or mood shifts affect prices with a lag, giving a window 

for prediction. This aligns with phenomena like post-earnings 

announcement drift (PEAD) or delayed overreactions, which 

are well-known in behavioral finance. Our sentiment features 

likely proxy for those cases beyond just earnings events. 

At the same time, it’s notable that one of our sources, the 

MDPI study by Davidovic & McCleary (2024) [5], found that 

sophisticated sentiment (FinBERT) didn’t yield a 

“consistently exploitable edge” over market efficiency, 

especially when combined with other signals. Our results are 

somewhat more optimistic, perhaps because we focused on 

daily directional moves rather than absolute risk-adjusted 

returns (they concluded EMH still mostly held in their 

context). It might indicate that while sentiment can help 

predict direction, turning that into large risk-adjusted profits 

is more challenging – a nuance we found as well, since after 

costs our strategy’s outperformance narrowed. In other 

words, markets may allow small inefficiencies (which we can 

forecast), but profiting from them heavily is another matter 

due to competition and friction. 

 

7.5. Practical Implications for Traders and Institutions: 

For practitioners, our research suggests a viable path to 

enhancing trading algorithms and risk models. Hedge funds 

and quantitative traders could incorporate sentiment analysis 

engines into their pipeline, not as standalone trading signals 

(which some might distrust) but as additional features in their 

predictive models. Our work shows that doing so can reduce 

prediction errors and improve trade timing. Particularly, risk 

management systems could benefit: if a model signals a high 

probability of a decline due to sentiment shift, funds can de-

risk temporarily. Institutions like mutual funds or financial 

advisors might use such models to adjust allocations slightly 

– for example, increase cash holdings when both technical 

and sentiment flash warning signs of a downturn. 

Policymakers and regulators might also be interested: 

improved forecasting with behavioral inputs could help in 

early warning systems for market turbulence. If aggregate 

sentiment indices (from Twitter or Google searches) spike 

negatively, models could warn of a potential liquidity crunch  
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or sell-off, giving regulators a chance to investigate or issue 

calming statements. In fact, some central banks monitor 

social media sentiment as part of their financial stability 

oversight – our work bolsters the validity of that practice. 

 

7.6. Limitations 

Despite the positive results, several limitations must be 

acknowledged: 

● Data and Generalizability: Our study was largely 

focused on U.S. market data (S&P 500 and large-cap 

stocks) and in a specific time frame (2010s to mid-

2020s). Market microstructure and behavioral patterns 

can differ in other markets (e.g., emerging markets or 

pre-2000 eras). For instance, the prevalence of 

algorithmic trading now might dampen some behavioral 

inefficiencies compared to decades ago. So, our model’s 

efficacy might be less in markets that are either 

extremely efficient (where sentiment is quickly traded 

on) or extremely inefficient in different ways (where 

maybe fundamental data matters more than daily 

sentiment, etc.). Further tests on other indices (like 

European, Asian markets) or individual stocks (small 

caps vs large caps) are needed for generality. 

● Model Complexity and Interpretability: While we 

strived to interpret features and used relatively 

straightforward architectures, the best model (LSTM) is 

still a black box in terms of how exactly it forms its 

forecasts. This is a common hurdle: financial 

professionals may be wary to trust a model’s output 

without clear reasoning, especially when real money is 

at stake. We provided some interpretability via feature 

importance and scenario analysis, but a more rigorous 

explainable-AI approach (like SHAP values for the 

LSTM or attention weights visualization) would bolster 

confidence. Moreover, complex models can sometimes 

learn spurious correlations that work historically but not 

causally – e.g., if sentiment coincidentally rose before 

market rises in our sample, the model might attribute 

causation incorrectly. We attempted to avoid this via 

validation, but only future out-of-sample performance 

truly proves a model. 

● Real-Time Constraints: Our study did not deeply 

consider the latency and noise issues of real-time 

sentiment data. For practical use, one needs streaming 

data and must handle rapidly arriving tweets or news 

(with potential revision of sentiment as more info 

comes). Additionally, sentiment analysis itself isn’t 

perfect – sarcasm in social media, changes in language 

(slang) over time, and bots can all reduce quality. We 

assumed our NLP sentiment pipeline was adequate, but 

improvements there (like using context-aware models or 

filtering spam) could change results. 

● Overfitting and Lookahead Bias: We were careful in 

splitting data and using only past information, but there’s 

always a risk that subtle lookahead bias creeps in (for 

example, using revised macro data that wasn’t known at 

the time). We believe we avoided this, but any flaw in 

data handling could inflate results. Also, given the many 

features and models tried, there’s a multiple comparisons 

risk – perhaps we would always find some model that did 

well on this test period by chance. We mitigated this by 

using cross-validation and focusing on consistent 

patterns (like sentiment improving all models, which is 

less likely by chance). Still, any complex modeling 

exercise faces the risk that some performance comes 

from fitting idiosyncrasies of the back-test period. 

● Scope of Behavioral Factors: We primarily used 

sentiment (a composite of biases perhaps). Behavioral 

finance includes other elements like investor 

demographics, institutional vs retail flows, explicit 

measures of overconfidence (e.g., survey of expected 

returns), etc., which we did not include. It’s possible 

other behavioral features (like mutual fund flow data, 

margin debt levels, etc.) could further enhance forecasts 

or provide earlier signals of exuberance. We limited 

scope due to data availability and the need to keep the 

study tractable. 

 

7.7. Future Research Directions 

Our research opens up several avenues: 

● Explainable AI (XAI) in Finance: Future work should 

apply XAI techniques to these hybrid models to better 

understand when and why they rely on behavioral 

signals. For instance, using SHAP values on an ensemble 

model could map out specific days where sentiment had 

a big impact on the prediction and correlate that with real 

events/news. This would validate the model’s 

“reasoning” and perhaps uncover new behavioral 

phenomena. It would also help in communicating with 

stakeholders who need to trust the model. 

● Reinforcement Learning (RL) and Adaptive 

Strategies: While we did a passive backtest, an 

interesting extension is to use reinforcement learning to 

directly learn trading policies that incorporate behavioral 

data. An RL agent could, for example, learn when to go 

contrarian vs when to go with the sentiment momentum, 

potentially yielding a more dynamic strategy. Some 

recent studies are looking at deep RL for trading – adding 

sentiment as part of state could be beneficial. This also 

ties to adaptive markets: an RL agent could adjust its 

behavior as market dynamics change (essentially 

retraining as it interacts). 

● Global and Cross-Market Analysis: Another direction 

is to use our framework across different markets or asset 

classes to see if behavioral effects are universal or vary. 

For example, do sentiment-augmented models similarly 

help in cryptocurrency markets (where sentiment on 

social media is extremely influential)? Or in bond 

markets (where maybe fundamentals dominate more)? 

Studying a multi-asset scenario might also allow the 

model to learn inter-market sentiment flows (e.g., if 

everyone’s suddenly bullish on gold, that might signal 

fear in equities). 

● Higher Frequency Prediction: We focused on daily 

frequency. Intra-day sentiment analysis (like from tweet 

streams during the day, or news as it breaks) could be 

used for even shorter-term prediction (hourly or minute-

by-minute for day trading). There, the challenges are 

different (more noise, requiring fast computation). But a 

model that reads Twitter in real-time and predicts the 

next hour’s stock move could be valuable for high-

frequency traders or market makers. 

● Combining Behavioral with Fundamental ML: We 

looked at technical + sentiment. Another angle is 

fundamental data (like earnings, valuations) combined 

with sentiment in ML models to predict longer-term 

trends (quarterly or yearly). For example, can we predict 

next quarter’s stock performance by how sentiment 
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evolves post-earnings announcement, combined with the 

surprise in earnings? This merges event study literature 

with ML. 

● Sentiment Feedback and Market Impact: One 

advanced area is modeling the two-way feedback: not 

only does sentiment affect markets, but market moves 

affect sentiment (e.g., rising markets make people 

optimistic). A more sophisticated model might be a joint 

system of equations or use iterative simulation to capture 

this co-evolution. This could potentially yield better 

understanding of how bubbles form (feedback loops 

between price and sentiment). Machine learning could 

assist by identifying non-linear feedback loops which 

traditional Granger causality might miss. 

 

7.8. Broader Impact 

The integration of AI and behavioral finance demonstrated 

here exemplifies the growing interdisciplinarity in financial 

research. It highlights that the best predictive models will 

likely use a fusion of quantitative and qualitative data – 

numbers and narratives together. This might encourage 

financial firms to invest in alternative data (like sentiment 

feeds) and AI talent to leverage it. It also suggests academia 

should train finance students in data science and vice versa; 

the skillset to parse Twitter data and build an LSTM is 

becoming as important as knowledge of CAPM. 

On a societal level, if such models become widely used, one 

could speculate markets might become more efficient with 

respect to sentiment (since everyone will trade on it, 

arbitraging it away). But paradoxically, that could also mean 

markets react even faster to mood swings, potentially 

increasing volatility (as algorithms amplify a trending 

sentiment). Monitoring and perhaps regulating certain 

algorithmic trading based on social media (to avoid flash 

crashes triggered by viral misinformation, for example) could 

become a consideration for regulators. 

In conclusion, our discussion underscores that while our 

study answered the primary questions – affirming the value 

of ML and behavioral integration – it also raises deeper 

questions about market dynamics and provides a stepping 

stone for future innovation in predictive finance models. 

 

8. Conclusion 

In this study, we set out to enhance stock market forecasting 

by merging the strengths of machine learning with the 

insights of behavioral finance. We formulated three research 

questions regarding the effectiveness of ML models over 

traditional ones, the value added by behavioral (sentiment) 

data, and the best ways to integrate these elements. Through 

extensive experimentation and analysis, we arrive at the 

following key conclusions: 

 

1. ML models substantially improve forecasting accuracy 

relative to classical approaches. Our results showed that 

models like Random Forests and LSTMs predict stock price 

movements more accurately (in terms of error reduction and 

directional hits) than traditional methods such as ARIMA. 

This underscores the transformative impact of data-driven AI 

techniques in finance – they can capture complex patterns and 

adapt to market non-linearities that stymie simpler models. 

The implication is that investors and analysts should consider 

incorporating machine learning into their toolkit for market 

analysis, as it offers a demonstrable edge in prediction. 

 

2. Incorporating behavioral insights (investor sentiment 

and biases) further enhances prediction performance, 

validating the interdisciplinary approach. By adding features 

derived from news sentiment, social media, and other 

investor behavior proxies, our models achieved higher 

accuracy and were able to foresee certain market moves that 

purely technical models missed. This finding bridges a gap 

between quantitative finance and behavioral economics, 

showing that not only do psychological factors matter, but 

they can be quantified and used for practical forecasting. It 

contributes to academic literature by providing concrete 

evidence that market sentiment has predictive power – a 

challenge to the Efficient Market Hypothesis – and by 

illustrating a method to integrate these factors into formal 

models. 

 

3. A hybrid modeling framework that integrates financial 

and behavioral features is both feasible and effective. We 

demonstrated one such framework using parallel processing 

of technical and sentiment data through an LSTM network, 

which yielded superior results. This framework can serve as 

a template for future research and applications, encouraging 

a more holistic view of market prediction that goes beyond 

“number-crunching” alone. It also opens the door to more 

explainable and resilient models: by understanding when a 

model is relying on sentiment versus fundamentals, we can 

better trust and scrutinize its predictions. 

The contributions of this work span multiple domains: for 

finance, it offers improved predictive models that could 

inform trading strategies, risk management, and even policy 

decisions (like detecting bubbles or crashes early). For 

artificial intelligence, it provides a case study of how 

unstructured textual data (news/tweets) can be harnessed 

alongside structured market data to improve learning 

outcomes, potentially generalizable to other domains where 

human behavior matters (like consumer markets or political 

forecasting). For behavioral economics, it quantifies the 

impact of biases and sentiment on market prices, lending 

support to theories that markets are sometimes driven by 

“animal spirits” (Keynes) rather than purely rational 

expectations. 

Practical implications include the potential for traders and 

investment firms to implement similar sentiment-augmented 

ML models to gain a competitive edge. It suggests that 

monitoring social and news sentiment is worthwhile – not just 

for qualitative insight, but as a quantitative input to 

algorithms. Additionally, our back testing indicated that such 

models can improve risk-adjusted returns, highlighting a use-

case for portfolio allocation tweaks or hedge strategies based 

on sentiment signals. Regulators and policymakers might 

also glean value; understanding that extreme optimism or 

pessimism can be detected and tends to precede market 

instability could inform regulatory actions or public 

communications to temper irrational exuberance or panic. 

We also acknowledge limitations: the model is not infallible 

(it did not reach near 100% accuracy, indicating there’s still 

significant unpredictability in markets, consistent with a 

degree of efficiency). Its performance in different contexts 

(other countries, asset classes, or in truly unprecedented 

events) remains to be tested. Data quality issues, especially 

around sentiment extraction, pose ongoing challenges – 

distinguishing genuine signal from noise or manipulation is 

an ever-evolving task. 

http://www.multidisciplinaryfrontiers.com/


 Journal of Frontiers in Multidisciplinary Research  www.multidisciplinaryfrontiers.com 

 
    343 | P a g e  

 

Suggestions for future research are abundant. One promising 

direction is to explore explainable AI methods to open the 

“black box” of our best models, providing clearer rationale 

for their forecasts and thus making them more trustable to 

human decision-makers. Another is to extend our approach 

to longer-term forecasts (monthly or yearly horizons) to see 

if behavioral factors have a role in those as well (they might, 

via cycles of investor sentiment). Testing reinforcement 

learning agents that use these predictive models to make 

trading decisions is another avenue, potentially leading to 

strategies that adapt on the fly to new behavioral patterns 

(e.g., what if retail investors migrate from Twitter to another 

platform – an RL agent might catch on faster). 

In summary, this research demonstrates that melding 

machine learning with behavioral analysis yields a richer, 

more powerful forecasting model for stock markets. It takes 

a step toward more interdisciplinary, intelligent financial 

analysis – one that acknowledges human psychology as a 

core component of market dynamics and leverages modern 

AI to quantify it. The positive results we obtained encourage 

further exploration and implementation of such integrated 

models. As markets continue to evolve with technology and 

as new data sources (like sentiment) proliferate, we expect 

that approaches combining “mind and machine” – behavioral 

insight with algorithmic might – will become increasingly 

important in maintaining an informational edge and guiding 

effective financial decision-making. 
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