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ABSTRACT 
 

Financial markets often experience irregular swings, sudden shocks, and unstable price 

behaviour, making short-term forecasting difficult for traditional and even modern learning-

based systems. Many existing approaches depend heavily on past prices alone, causing them 

to perform poorly during high-volatility periods. This creates a practical need for models that 

can understand both stable market movements and unpredictable fluctuations. The objective 

of this study is to develop a volatility-aware hybrid deep learning framework that improves 

the accuracy and reliability of short-term stock price and trend prediction. The proposed 

method integrates a multi-channel feature pipeline, where historical prices, technical 

indicators, and volatility-specific signals are processed through parallel feature extractors. 

Temporal dependencies are encoded using Bi-LSTM and GRU layers, and the extracted 

representations are fused through a dedicated feature fusion block. The framework is 

evaluated using the S&P 500 five-year dataset, preprocessed with sliding windows and 

chronological splits. The model achieved an MAE of 0.87, RMSE of 1.14, MAPE of 1.92%, 

and a directional accuracy of 72.8%, outperforming baseline models including ARIMA, 

LSTM, CNN-LSTM, and GRU-based architectures. Statistical testing showed that the 

improvements were significant at p < 0.05, especially during volatile intervals. The findings 

indicate that the proposed approach offers stronger stability, more consistent trend prediction, 

and better handling of abrupt market swings. This contributes to practical applications such as 

automated trading, portfolio risk assessment, and short-term financial planning, 

demonstrating its potential as a dependable forecasting tool. 

 

Keywords: Stock price forecasting; volatility modelling; hybrid deep learning; Bi-LSTM; GRU 

encoder; multi-channel feature fusion; financial time series; trend prediction; S&P 500 dataset; 
sequence learning; directional accuracy; technical indicators; deep neural networks; short-term 

market prediction. 

1. Introduction Stock markets play a central role in shaping 

national economies, influencing industries, 
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guiding investment flows, and determining long-

term financial stability. Predicting stock prices 

has long been considered a difficult task because 

financial markets behave in nonlinear, 

unpredictable, and often highly volatile ways. 

Prices change due to economic announcements, 

corporate developments, investor reactions, and 

global events. Over the years, researchers have 

attempted to forecast stock movements through 

various statistical, machine-learning, and deep-

learning approaches. Although these approaches 

show promise, achieving consistent accuracy 

remains a major challenge [1]–[4]. With rapid 

growth in data availability and computing 

power, there is a renewed interest in developing 

advanced models capable of capturing hidden 

patterns while adapting efficiently to dynamic 

market conditions. 

 

1.1 Background and Research Motivation 

Earlier forecasting attempts relied heavily on 

classical statistical techniques such as ARIMA, 

linear regression, and time-series smoothing 

methods. While these methods worked 

reasonably well under stable market behaviour, 

they struggled to capture complex nonlinear 

structures and sudden trend reversals that are 

common in modern stock markets. As financial 

markets evolved, machine-learning models like 

Support Vector Machines, Random Forests, and 

ensemble-based predictors began gaining 

attention. However, many of these models 

lacked the ability to learn long-term temporal 

dependencies, making them insufficient for 

highly dynamic financial environments [5], [6]. 

Deep-learning models, especially LSTM-based 

architectures, later emerged as powerful 

alternatives because of their capability to 

process sequential data effectively. Researchers 

introduced CNN-based feature extractors, 

hybrid CNN-RNN systems, and attention-driven 

learning techniques to improve forecasting 

accuracy [7]–[10]. Some works explored 

frequency-based decomposition to simplify 

complex patterns before prediction, whereas 

others focused on ensemble techniques to reduce 

variance and improve reliability [1], [11], [12]. 

Despite these developments, maintaining 

consistent performance during extreme volatility 

or structural market changes is still a difficult 

hurdle. 

 

 

1.2 Limitations of Existing Approaches 

Several studies point out that machine-learning 

and deep-learning models often face limitations 

when responding to real-world financial 

behaviour. Many existing models depend 

primarily on historical price data without 

integrating other influential factors such as 

sentiment, macroeconomic indicators, or sector-

specific risk indicators. This makes them 

vulnerable to unpredictable market shocks [13], 

[14]. 

Traditional ML models struggle to handle noise, 

irregular patterns, or the long-range 

dependencies required for robust forecasting. 

Even deep-learning models such as LSTM, 

GRU, and CNN-based networks face challenges 

when the market becomes highly unstable. 

Works involving hybrid CNN–RNN models 

show improvements, yet their performance 

varies across companies, sectors, and time 

periods [9]. Models that employ attention 

mechanisms achieve better interpretability but 

can still fail during sudden reversals triggered 

by global events [15]. 

Another issue commonly reported is the lack of 

generalisation. Many studies evaluate their 

models on short-term datasets or limited stock 

groups, preventing the results from being 

applicable across broader markets. Models 

trained on limited or single-company data may 

overfit, reducing their ability to adapt to 

multivariate, cross-sector behaviour [16], [17]. 

At the same time, several deep architectures 

require a high amount of tuning and 

computational cost, making them hard to deploy 

in real-time environments. 

The absence of unified preprocessing pipelines 

also contributes to inconsistent results across 

studies. Without proper decomposition 

techniques, noise removal, or feature-scaling 

frameworks, forecasting models may 

misinterpret fluctuations as meaningful patterns. 

Similarly, models relying exclusively on 

technical indicators may perform poorly during 

uncertain periods when indicators fail to capture 

underlying market sentiment [18]. 

 

1.3 Need for an Improved Forecasting 

Framework 

The availability of large-scale datasets such as 

the five-year S&P 500 historical stock record 

[20] has encouraged researchers to revisit 

forecasting strategies with more sophisticated 
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models. This type of dataset covers a wide range 

of companies, sectors, and market cycles, 

enabling experiments that are richer and more 

reliable. Many works demonstrate that using 

large datasets helps models capture deeper 

market structure and reduces the risk of 

overfitting [8], [11]. However, even with 

improved datasets, a single model architecture is 

rarely sufficient to deliver stable performance 

across all market situations. 

Therefore, there is a strong need for forecasting 

frameworks that combine the strengths of 

multiple learning strategies. Insights from 

literature show the advantages of hybrid 

decomposition models, multi-level feature 

extraction, and attention-based temporal 

learning [1], [10], [15]. Such strategies allow 

models to separate meaningful patterns from 

noise, learn long-range interactions, and adapt 

better to volatility. 

Another important requirement is 

interpretability. Financial practitioners prefer 

models that provide clear reasoning behind 

predictions rather than opaque black-box 

systems. Decomposition methods, attention 

visualisation, and modular learning pipelines 

offer a more interpretable structure, helping 

analysts understand which patterns influence 

predictions the most [13]. By addressing noise, 

volatility, and interpretability together, a unified 

hybrid approach becomes more practical for 

real-world applications. 

Moreover, due to frequent structural changes in 

markets, models must be adaptable and capable 

of learning from heterogeneous data. A 

combined learning architecture that merges 

decomposition, temporal modelling, indicator-

based learning, and ensemble integration can 

better capture multi-scale behaviour observed 

across different stocks [11], [17]. This motivates 

the development of a more refined and 

comprehensive forecasting framework. 

 
Fig 1. Real-Time Stock Volatility Scenario and Prediction Flow 

The figure 1 is meant to show how both 

individual stock prices and a broader market 

index can behave unpredictably during real-time 

trading. The upper plot reflects a sharp 

movement in a single stock, where a sudden dip 

is followed by a quick spike, while the lower 

plot highlights how an entire index experiences 

phases of divergence and sudden macro-level 

shocks. On the right side, these fluctuating 

signals are illustrated as going through a model 

that receives the raw patterns, processes them, 

and produces a smoother and more stable 

forecast. The overall flow suggests that the 

model attempts to understand the irregularities 

present in both stock-level and index-level data 

and then generates a corrected prediction that 

aligns more closely with the underlying market 

behaviour. 

 

 

Fig 2. Conceptual Overview of a Volatility-

Aware Hybrid Framework for Stock Price 

and Trend Forecasting 

Figure 2 presents the motivation behind the 

proposed framework by showing how common 

market challenges such as sharp price swings, 

sudden shocks, and uncertain trends are handled 

through a carefully designed hybrid learning 

structure. It shows how historical prices, 

technical indicators, and volatility-related 

signals are combined and analysed together 

using Bi-LSTM and GRU models to produce 

more stable price estimates and more 

dependable trend direction predictions. 

 

1.4 Contributions of This Study 

Based on the insights gathered from existing 

literature [1]–[19] and the gaps identified, this 
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study proposes a structured forecasting model 

designed to enhance accuracy, adaptability, and 

generalisation. The key contributions are: 

• A unified hybrid forecasting architecture: 

This work introduces a multi-stage pipeline that 

integrates decomposition techniques, deep 

temporal learning, and enriched feature 

extraction. By breaking down complex price 

sequences into simpler components and then 

applying temporal models, the framework aims 

to achieve higher stability across volatile 

conditions. 

• A robust evaluation using real-world, large-

scale datasets: 

The model is rigorously tested on an extensive 

five-year S&P 500 dataset [20], covering 

multiple sectors and market cycles. This allows 

for a broader assessment of the model’s 

behaviour and demonstrates its consistency 

across different company profiles. 

• Improved prediction stability and accuracy: 

By combining multi-layer learning, attention 

mechanisms, and enhanced preprocessing, the 

proposed method reduces error rates while 

maintaining strong performance during unstable 

market periods. This helps bridge the gap left by 

earlier studies that struggled with generalisation 

under high volatility. 

These contributions collectively offer a practical 

and interpretable forecasting solution capable of 

supporting investment strategies, financial 

planning, and risk management. 

 

1.5 Structure of the Paper 

The remainder of this paper is organised as 

follows: 

Section 2 provides a detailed review of related 

work, highlighting major developments in stock 

forecasting techniques. Section 3 explains the 

proposed methodology, including architectural 

components, data processing stages, and 

predictive modules. Section 4 describes the 

experimental setup, dataset specifications, and 

evaluation procedures. Section 5 presents the 

results and discusses the findings. 

Finally, Section 6 concludes the study with 

remarks on future research possibilities. 

 

 

 

2. Related Work 

2.1 Early Studies on Stock Market 

Forecasting 

Initial attempts to predict stock price 

movements relied heavily on traditional 

statistical models such as ARIMA, GARCH, 

and basic regression-based frameworks. These 

models worked reasonably well under stable 

market conditions but struggled with volatility, 

nonlinear behaviour, and sudden market shocks. 

Later works introduced decomposition-based 

neural models, such as frequency-guided GRU 

transformers [1], which helped in capturing 

short-term fluctuations. However, even these 

models faced difficulties when exposed to high-

noise environments or abrupt trend reversals, 

which are common in financial markets. A 

review in [2] highlighted that early machine 

learning models often ignored macroeconomic 

factors and exhibited inconsistent performance 

across different market indices. 

2.2 Deep Learning-Based Market Prediction 

The rise of deep learning brought LSTM, Bi-

LSTM and encoder–decoder architectures into 

stock forecasting. Studies like [3], [4], and [6] 

demonstrated that recurrent models could 

capture temporal dependencies effectively. 

Although LSTM-based networks improved 

prediction stability, they tended to require large 

training windows and suffered from slow 

convergence. Some researchers also considered 

stacking multiple LSTM layers, which 

improved depth but increased computational 

overhead dramatically. Hybrid CNN–RNN 

systems were also explored to extract spatial 

and temporal features simultaneously, as seen in 

[8]. While these techniques improved accuracy 

in some scenarios, they remained vulnerable to 

overfitting and required heavy hyperparameter 

tuning. 

2.3 Hybrid and Ensemble Prediction 

Techniques 

Recent literature shows a rapid shift towards 

hybrid and ensemble models, where multiple 

algorithms are combined for better accuracy and 

robustness. Studies such as [11], [13], and [14] 

experimented with stacking, boosting, and 

sentiment-integrated models. These efforts 

attempted to address behavioural volatility by 

incorporating external signals such as investor 

sentiment or neutrosophic analysis. While 

ensemble methods generally showed higher 

accuracy, their interpretability reduced 

significantly. Moreover, they demanded 
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substantial computational resources, making 

them unsuitable for real-time trading 

environments. 

2.4 Attention Mechanisms and Transformer-

Based Forecasting 

Transformers and attention-based frameworks 

have gained attention due to their ability to 

capture long-range dependencies. Models 

integrating GRU transformers and asymmetric 

loss functions, as presented in [1] and [10], 

demonstrated improved sensitivity to volatile 

periods. Attention mechanisms helped identify 

which time steps influenced future movements 

more strongly. However, transformer models 

required extensive training data, and their 

performance dropped in markets with irregular 

or sparse patterns. Their high memory 

consumption also limited their deployment in 

practical retail trading systems. 

2.5 Sector-Specific and Region-Specific 

Prediction Approaches 

Several studies focused on particular stock 

exchanges—Egyptian markets [12], Indian 

indices [5], [9], and others. Most region-specific 

models performed well on their local datasets 

but struggled when applied to foreign markets 

due to structural differences, regulatory policies, 

and investor behaviour variations. Multi-index 

comparisons, such as the AHC-based study in 

[15], attempted to benchmark models across 

global indices. These works exposed a major 

research gap: many forecasting models are not 

generalizable and fail to perform consistently 

across different countries and sectors. 

2.6 Key Limitations in Existing Studies 

A critical look across the literature reveals 

several recurring issues: 

 Over-reliance on historical prices: Most 

models ignore macroeconomic inputs or 

treat them as secondary features. 

 Poor handling of extreme volatility: 
Sudden drops, spikes, and black-swan 

events cause major prediction errors. 

 High model complexity: Hybrid models, 

deep transformers, and ensembles provide 

accuracy but require huge training times 

and lack transparency. 

 Lack of real-time adaptability: Many 

models perform well in offline tests but fail 

during live market streaming. 

 Limited cross-market robustness: 
Techniques that work for one index often 

fail when applied to other global indices. 

These limitations create a strong motivation for 

developing models that can adapt to 

nonlinearity, are computationally efficient, and 

are robust across markets. 

2.7 Position of the Present Work 

The present study addresses these gaps by 

exploring a more adaptable and reconfigurable 

machine learning approach designed to capture 

both micro-level and macro-level price 

fluctuations. Unlike earlier methods that rely 

heavily on deep neural structures, this work 

focuses on a model architecture that is 

computationally lighter while still capable of 

understanding complex market dynamics. The 

intention is to balance three key needs: 

1. High predictive accuracy even during 

volatile periods, 

2. Lower computational burden relative to 

deep learning ensembles, and 

3. Strong generalization across multiple 

international indices. 

2.8 Summary of Comparative Insights 

Table 1 provides a consolidated comparison of 

the major techniques across accuracy, 

computational efficiency, and limitations. 

Table 1 - Comparative Review of Major Stock Forecasting Methods 

Method / 

Approach 
Strengths Limitations 

Accurac

y Trend 

Computati

onal 

Efficiency 

Key 

Refer

ences 

GRU–

Transformer 

models 

Captures 

frequency-based 

patterns 

Heavy training 

time 

High in 

stable 

markets 

Moderate [1] 

Systematic 

ML reviews 
Holistic analysis No unified model Varies High [2] 
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Method / 

Approach 
Strengths Limitations 

Accurac

y Trend 

Computati

onal 

Efficiency 

Key 

Refer

ences 

Encoder–

Decoder 

frameworks 

Good long-term 

dependency 

capture 

High memory 

usage 
High Low [3] 

Deep CNN–

RNN hybrids 

Strong temporal-

spatial capture 
Overfitting risks 

Medium–

High 
Low [8] 

LSTM / Bi-

LSTM stacks 

Stable temporal 

prediction 

Slow 

convergence 
Medium Medium 

[4], 

[6] 

Ensemble + 

sentiment 

models 

Improved 

robustness 

Complex and 

hard to interpret 
High Low 

[11], 

[13] 

Hybrid 

stacking 

Multi-feature 

integration 
Difficult to tune 

Medium–

High 
Low [14] 

AHC model 

(recent) 

Strong 

adaptability 

New technique - 

needs broader 

testing 

High High [15] 

Technical-

indicator ML 
Lightweight Sensitive to noise Medium High [16] 

 

3. Proposed Methodology 

This section explains how the stock market 

prediction framework is built in a simple and 

practical way so anyone can implement it for 

popular stocks or indices. It starts with the 

dataset and preprocessing steps, then how we 

create useful features, followed by the design of 

the prediction model and how it is trained.  

3.1 Dataset Description and Problem 

Formulation 

We use two main sources of data. First, index-

level data and macroeconomic variables 

collected from global stock markets as used in 

earlier studies. Second, the price data of 

individual stocks from the S&P 500, taken from 

a popular Kaggle dataset “S&P 500 Stock Data 

– 5 Years Historical Prices”. Each stock’s daily 

record includes the date, opening price, highest 

price, lowest price, closing price, volume traded, 

and the stock ticker symbol. 

Our main goal is to predict the stock’s closing 

price of the next day 𝑦̂𝑡+1
(𝑖)

 for stock 𝑖 on day 𝑡, 
or to forecast a short-term volatility measure at 

the index level. To prepare data for this, closing 

prices 𝑦𝑡
(𝑖)

 are converted into log-returns: 

𝑟𝑡
(𝑖)

= ln⁡(
𝑦𝑡
(𝑖)

𝑦𝑡−1
(𝑖)

) , 𝑡 = 2,… , 𝑇⁡⁡⁡⁡(1)  

where 𝑇 is the number of trading days. This log-

return transformation helps stabilize variance 

and makes the series easier to model. 

Since sometimes stocks have missing data due 

to holidays or changes (e.g., delisting), we align 

datasets by trading days. We fill small missing 

gaps by forward filling the last known value; 

stocks with long gaps or low liquidity are 

removed to keep the panel clean. We split the 

dataset chronologically so the first 70% of days 

form training, the next 15% validation, and last 

15% testing. This keeps the model honest by 

testing only on future unseen data, mimicking 

real trading. 

3.2 Feature Engineering and Technical 

Indicators 

Besides raw prices and returns, we create extra 

features to help the model learn patterns better. 

For each stock or index, a rolling simple moving 

average (SMA) for the past 𝑘 days is calculated 

as: 



A Naresh kumar , D Shobha Rani , Sathya Narayana Pola , K Suresh  

/IJECRT- International Journal of Engineering Computational Research and Technology (Volume 10, December 2025) 

© 2025 Published by IJECRT 7 

 

 

SMA𝑡
(𝑘)

=
1

𝑘
∑  

𝑘−1

𝑗=0

 𝑦𝑡−𝑗⁡⁡⁡⁡(2)  

Common windows are short term 𝑘 = 5 days 

and medium term 𝑘 = 20 days. 

We also calculate the exponential moving 

average (EMA), which gives more weight to 

recent prices: 

EMA𝑡
(𝛼)

= 𝛼𝑦𝑡 + (1 − 𝛼)EMA𝑡−1
(𝛼)

, 0 < 𝛼 < 1⁡⁡⁡⁡(3) 

This lets us capture more recent trends better. 

Volatility is important, so we measure it as the 

rolling standard deviation of returns over 

window 𝑤: 

𝜎𝑡
(𝑤)

= √
1

𝑤 − 1
∑  

𝑤−1

𝑗=0

  (𝑟𝑡−𝑗 − 𝑟‾𝑡
(𝑤)

)2⁡⁡⁡⁡(4)  

where 𝑟‾𝑡
(𝑤)

 is the mean return over that window. 

This helps during market turbulence when price 

swings are large. 

Classic technical indicators like the MACD are 

also used. MACD is the difference between a 

fast and slow EMA: 

MACD𝑡 = EMA𝑡
(𝛼fast) − EMA𝑡

(𝛼slow), 𝛼fast > 𝛼slow⁡⁡⁡⁡(5) 

All these features for each time step 𝑡 are 

combined into a vector: 

𝐱𝑡 = [𝑦𝑡 , 𝑟𝑡 ,SMA𝑡
(5)
,SMA𝑡

(20)
,EMA𝑡

(𝛼)
, 𝜎𝑡

(𝑤)
,MACD𝑡 , … ]⊤⁡⁡⁡⁡(6) 

To keep the scales consistent, each feature is 

standardized using the training set’s mean 𝝁 and 

standard deviation 𝝈: 

𝐱̃𝑡 =
𝐱𝑡 − 𝝁

𝝈
⁡⁡⁡⁡(7)  

When macroeconomic data like interest rates, 

inflation, and GDP proxies are used, Principal 

Component Analysis (PCA) reduces their 

dimension to a few key factors: 

𝐳𝑡 = 𝐖⊤𝐦𝑡⁡⁡⁡⁡(8)  

Here, 𝐦𝑡 is the macro variables and 𝐖 contains 

principal components. 

The final input to the model at time 𝑡 is the 

combination of all stock features and macro 

factors: 

𝐮𝑡 = [
𝐱̃𝑡
𝐳𝑡
]⁡⁡⁡⁡(9)  

3.3 Proposed Volatility-Aware Hybrid 

Architecture 

The model sees a rolling window of inputs 𝐔𝑡 =
[𝐮𝑡−𝐿+1, … , 𝐮𝑡] and predicts the next day’s price 

as: 

𝑦̂𝑡+1 = 𝑓𝜽(𝐔𝑡)⁡⁡⁡⁡(10)  

where 𝜽 are model parameters and 𝐿 is the look-

back length. 

The system has three parts: 

1. Temporal Encoder: A Bi-directional 

LSTM or GRU that processes the input 

window to catch time dependencies: 

𝐡𝑡 = Encoder(𝐔𝑡)⁡⁡⁡⁡(11)  

2. Volatility Channel: A small network 

focused on volatility-related features like 

𝜎𝑡
(𝑤)

, MACD, and realized volatility 

proxies: 

𝐯𝑡 = 𝜙𝜼(𝐮𝑡
(vol)

)⁡⁡⁡⁡(12)  

3. Fusion and Prediction: The outputs from 

the encoder and volatility channel are 

joined and transformed: 

𝐬𝑡 = 𝜓(𝐡𝑡‖𝐯𝑡)⁡⁡⁡⁡(13)  

and the final prediction is: 

𝑦̂𝑡+1 = 𝐰𝑜
⊤𝐬𝑡 + 𝑏𝑜⁡⁡⁡⁡(14)  

The figure (Fig. 2) shows this clearly, 

highlighting how both price trends and volatility 

influence the prediction together. 

3.4 Training Objective and Loss Functions 

The model learns by minimizing the main loss, 

mean squared error (MSE) between true and 

predicted prices: 

ℒMSE =
1

𝑁
∑  

𝑁

𝑡=1

  (𝑦𝑡+1 − 𝑦̂𝑡+1)
2⁡⁡⁡⁡(15)  

where 𝑁 is the number of training samples. 

We also add a return-aware loss that penalizes 

errors in predicted returns: 

𝑟̂𝑡+1 = ln⁡(
𝑦̂𝑡+1
𝑦𝑡

)⁡⁡⁡⁡(16)  

ℒret =
1

𝑁
∑  

𝑁

𝑡=1

  (𝑟𝑡+1 − 𝑟̂𝑡+1)
2⁡⁡⁡⁡(17)  

The total loss: 

ℒtotal = 𝜆1ℒMSE + 𝜆2ℒret + 𝜆3‖𝜽‖2
2⁡⁡⁡⁡(18)  

Here 𝜆1, 𝜆2, 𝜆3 are weights tuned during 

validation. 

3.5 Hyperparameter Tuning and Training 
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We tune important settings like look-back length 

𝐿, hidden units, number of layers, learning rate 

𝛼, and regularization weights 𝜆𝑖. Adam 

optimizer updates parameters as: 

𝜽𝑘+1 = 𝜽𝑘 − 𝛼
𝑚̂𝑘

√𝑣̂𝑘 + 𝜀
⁡⁡⁡⁡(19)  

where 𝑚̂𝑘 , 𝑣̂𝑘 are moment estimates, and 𝜀 is a 

small number. Early stopping prevents 

overfitting by monitoring validation loss. 

3.6 Evaluation Metrics 

We assess the model using: 

 Mean Absolute Error (MAE): 

MAE =
1

𝑀
∑ 

𝑀

𝑡=1

  |𝑦𝑡+1 − 𝑦̂𝑡+1|⁡⁡⁡⁡(20)  

 Root Mean Squared Error (RMSE): 

RMSE = √
1

𝑀
∑ 

𝑀

𝑡=1

  (𝑦𝑡+1 − 𝑦̂𝑡+1)
2⁡⁡⁡⁡(21)  

 Mean Absolute Percentage Error (MAPE): 

MAPE =
100

𝑀
∑  

𝑀

𝑡=1

  |
𝑦𝑡+1 − 𝑦̂𝑡+1

𝑦𝑡+1
|⁡⁡⁡⁡(22)  

 Coefficient of Determination (𝑅2): 

𝑅2 = 1 −
∑  𝑀
𝑡=1   (𝑦𝑡+1 − 𝑦̂𝑡+1)

2

∑  𝑀
𝑡=1   (𝑦𝑡+1 − 𝑦‾)2

⁡⁡⁡⁡(23)  

where 𝑦‾ is the average observed value. 

 Directional Accuracy (DA) checks how 

often model predicts the correct up/down 

trend: 

DA =
1

𝑀
∑ 

𝑀

𝑡=1

 𝟏(sign(𝑟𝑡+1) = sign(𝑟̂𝑡+1))⁡⁡⁡⁡(24)  

We may also simulate simple buy-hold or rule-

based strategies to calculate Sharpe ratio-like 

metrics. 

3.7 Algorithmic Implementation 

Algorithm 1: Volatility-Aware Hybrid Stock 

Forecasting Pipeline 

Input: 

 Multi-stock price dataset 𝒟 (for example, 

all_stocks_5yr.csv) with fields: Date, Open, 

High, Low, Close, Volume, Name 

 Optional macroeconomic variables ℳ 

(index-level macroeconomic data) 

 Look-back window length 𝐿 

 Hyperparameters Θhp (learning rate, hidden 

units, batch size, 𝜆1, 𝜆2, 𝜆3, etc.) 

Output: 

 Trained model 𝑓𝜽(⋅) 

 Test-set performance metrics (MAE, 

RMSE, MAPE, 𝑅2, Directional Accuracy 

(DA)) 

 

1: Begin 

2:   // Data Loading and Cleaning 

3:   Load stock price dataset 𝒟 containing 

daily OHLCV for all tickers. 

4:   Remove illiquid or delisted tickers with 

very short histories or many missing values. 

5:   Align all series on common trading dates; 

fill short missing gaps by forward-filling. 

6:   Align macroeconomic data ℳ on the 

same dates if available. 

7:   // Compute Log-Returns and Basic 

Transformations 

8:   For each stock or index 𝑖: 
9:    Sort records in ascending date order. 

10:    Calculate log-returns: 

⁡⁡⁡⁡𝑟𝑡
(𝑖)

= ln⁡(
𝑦𝑡
(𝑖)

𝑦𝑡−1
(𝑖)

) , 𝑡 = 2,… , 𝑇⁡⁡⁡⁡ 

11:    Remove the first row per series due to 

undefined return. 

12:   // Feature Engineering at Each Time 𝑡 
13:   For each time point 𝑡: 
14:    Calculate short- and medium-term 

SMAs: SMA𝑡
(5)

, SMA𝑡
(20)

. 

15:    Calculate EMA with smoothing 𝛼: 

EMA𝑡
(𝛼)

. 

16:    Compute rolling volatility 𝜎𝑡
(𝑤)

 over 

window 𝑤. 

17:    Calculate MACD (difference of fast 

and slow EMAs). 

18:    Optionally compute RSI and other 

indicators as needed. 

19:    Stack all features into 𝐱𝑡 for the 

asset/index. 

20:   // Macroeconomic Factor Compression 

(Optional) 

21:   If macro features 𝐦𝑡 exist: 

22:    Fit PCA on training macro data; obtain 

PCA loadings 𝐖. 
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23:    Project macro data: 𝐳𝑡 = 𝐖⊤𝐦𝑡. 

24:   Else: 

25:    Set 𝐳𝑡 as empty vector. 

26:   // Feature Normalization 

27:   For all training times 𝑡: 
28:    Form combined features 𝐮𝑡 =
[𝐱𝑡

⊤, 𝐳𝑡
⊤]⊤. 

29:   Compute mean 𝝁 and std.dev 𝝈 for each 

feature over training set. 

30:   Standardize features for all sets: 𝐮̃𝑡 =
(𝐮𝑡 − 𝝁)/𝝈. 

31:   // Sequence Creation for Supervised 

Learning 
32:   For each asset/index and each valid time 

𝑡 ≥ 𝐿: 

33:    Create rolling input sequence: 

⁡⁡⁡⁡𝐔𝑡 = [𝐮̃𝑡−𝐿+1, … , 𝐮̃𝑡]⁡⁡⁡⁡ 

34:    Take next-day closing price 𝑦𝑡+1 as 

target. 

35:   Collect all (𝐔𝑡, 𝑦𝑡+1) pairs into 

supervised dataset 𝒮. 

36:   // Train-Validation-Test Split 

37:   Sort 𝒮 chronologically. 

38:   Assign first 70% samples to training set 

𝒮train. 

39:   Assign next 15% to validation set 𝒮val. 

40:   Assign last 15% to test set 𝒮test. 

41:   // Model Initialization 

42:   Define temporal encoder (Bi-LSTM or 

GRU) with hidden size 𝐻. 

43:   Define volatility channel network for 

volatility features. 

44:   Define fusion dense layers with 

activation functions (ReLU or GELU). 

45:   Add final linear output layer predicting 

𝑦̂𝑡+1. 

46:   Initialize parameters 𝜽 using Xavier or 

He method. 

47:   Set optimizer to Adam with learning rate 

𝛼. 

48:   Set regularization parameters 𝜆1, 𝜆2, 𝜆3. 

49:   Set early stopping patience 𝑃 and max 

epochs 𝐸max. 

50:   // Model Training with Early Stopping 

51:   Set best validation loss ℒbest ← +∞, 

patience count 𝑐 ← 0. 

52:   For epoch 𝑒 = 1 to 𝐸max: 

53:    Shuffle 𝒮train, create mini-batches. 

54:    For each mini-batch 𝐵 in 𝒮train: 

55:     Forward pass inputs through 

temporal encoder and volatility channel; predict 

𝑦̂𝑡+1. 

56:     Compute price MSE loss ℒMSE over 

batch. 

57:     Compute return-based loss ℒret. 

58:     Total loss: 

⁡⁡⁡⁡ℒtotal = 𝜆1ℒMSE + 𝜆2ℒret + 𝜆3‖𝜽‖2
2⁡⁡⁡⁡ 

59:     Backpropagate gradients of ℒtotal. 

60:     Update 𝜽 with Adam optimizer. 

61:    End for 

62:    Evaluate validation loss ℒval without 

gradient updates. 

63:    If ℒval < ℒbest: 

64:     ℒbest ← ℒval. 

65:     Save current 𝜽 as 𝜽∗. 
66:     Reset patience 𝑐 ← 0. 

67:    Else: 

68:     Increment patience 𝑐 ← 𝑐 + 1. 

69:     If 𝑐 ≥ 𝑃, stop training early. 

70:    End if 

71:   End for 

72:   // Final Evaluation on Test Set 

73:   Load best model parameters 𝜽 ← 𝜽∗. 
74:   For each (𝐔𝑡, 𝑦𝑡+1) in test set: 

75:    Predict 𝑦̂𝑡+1 = 𝑓𝜽(𝐔𝑡). 
76:    Compute predicted return 𝑟̂𝑡+1 =
ln⁡(𝑦̂𝑡+1/𝑦𝑡). 
77:   End for 

78:   Calculate performance metrics: MAE, 

RMSE, MAPE, 𝑅2, Directional Accuracy (DA). 

79:   // (Optional) Trading Simulation 

80:   If required, use 𝑟̂𝑡+1’s sign to simulate 

buy/hold or long/short trades. 

81:   Compute portfolio returns, Sharpe ratio, 

max drawdown, etc. 

82: End 

Algorithm 1 presents the complete end-to-end 

pipeline for the proposed volatility-aware hybrid 

stock forecasting system, systematically 

addressing data preparation, feature 

engineering, model training, and evaluation. 

The algorithm begins with loading and cleaning 

multi-stock OHLCV data from the Kaggle S&P 

500 dataset (all_stocks_5yr.csv), computing log-

returns [Eq. (1)], and generating technical 

indicators including SMA [Eq. (2)], EMA [Eq. 

(3)], rolling volatility [Eq. (4)], and MACD [Eq. 

(5)]. These features are standardized [Eq. (7)] 

and optionally augmented with PCA-

compressed macroeconomic factors [Eq. (8)], 

forming input sequences 𝐔𝑡 of look-back length 

𝐿. The hybrid architecture processes sequences 

through a temporal encoder (Bi-LSTM/GRU), 

dedicated volatility channel, and fusion layers to 

produce next-day price predictions 𝑦̂𝑡+1 [Eqs. 
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(10)–(14)]. Training employs a composite loss 

function balancing price MSE, return MSE, and 

L2 regularization [Eq. (18)], optimized via 

Adam with early stopping. Final evaluation 

computes standard metrics (MAE, RMSE, 

MAPE, 𝑅2, DA) [Eqs. (20)–(24)] on 

chronologically split test data, ensuring realistic 

out-of-sample performance assessment. This 

structured approach guarantees reproducibility 

and practical deployment for liquid stock 

universes. 

 

Fig 3. Hybrid Model Architecture for 

Volatility-Aware Stock Price Forecasting 

The figure 3 depicts how different parts of the 

forecasting system come together to process 

market information and generate the final price 

prediction. It shows market data and 

macroeconomic indicators entering the pipeline, 

where they first pass through a feature 

engineering stage that extracts useful patterns. A 

separate branch highlights how volatility-related 

indicators are prepared, capturing fluctuations 

that usually influence short-term movements. 

These processed features then move into a 

temporal encoder, represented by Bi-LSTM or 

GRU layers, which learn how prices evolve over 

time. The outputs are merged in a fusion block 

 

 

Fig 4. Architecture of the Proposed 

Volatility-Aware Hybrid Framework for 

Stock Price and Trend Forecasting 

Figure 4 presents the overall structure of the 

forecasting framework, showing how historical 

price data, technical indicators, and volatility-

related signals are analysed through separate 

processing paths to understand both long-term 

trends and sudden market changes. These 

learned patterns are then combined to produce 

stable price forecasts and clear trend direction 

outputs, which are finally assessed using 

commonly used performance measures. 

4. Experimental Setup 

4.1 Hardware Configuration 

The experiments were carried out on a 

workstation that provided enough computing 

power to handle long training sequences and 

multiple feature channels. The system was 

equipped with an NVIDIA RTX-3060 GPU 

with 12 GB of dedicated memory, which helped 

in speeding up the training of recurrent neural 

network layers. The machine ran on an Intel 

Core i7 processor clocked at 3.4 GHz, supported 

by 32 GB of RAM. This combination ensured 

smooth execution of the model, especially when 

processing a large number of time-windowed 

samples. The storage used was a 1 TB SSD, 

allowing quick access to the dataset and faster 

loading during repeated experimental runs. 
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4.2 Software Frameworks and Libraries 

The entire work was implemented using Python, 

relying mainly on TensorFlow and Keras for 

model building and optimisation. Pandas and 

NumPy were used extensively for handling the 

dataset, while Matplotlib and Seaborn helped in 

generating graphs and analysing the behaviour 

of the model during training. Scikit-learn 

provided utilities for normalisation, data 

splitting, and evaluation. The environment was 

managed through Anaconda to maintain 

consistent versions of libraries, ensuring that the 

setup could be reproduced without dependency 

conflicts. All experiments were executed on a 

Windows 11 system with CUDA and cuDNN 

configured for GPU acceleration. 

4.3 Dataset Partitioning and Preparation 

The dataset was divided in chronological order 

to respect the time-dependent nature of stock 

movements. Around 70% of the data was used 

for training, 15% for validation, and the 

remaining 15% for testing. This split ensured 

that the model learned from past trends and was 

assessed on completely unseen future data. In 

certain experiments, a 5-fold cross-validation 

strategy was also tried to check the stability of 

the predictions across different time windows. 

Before splitting, the data went through a series 

of preprocessing steps, including handling 

missing values, normalising numerical fields, 

and constructing sliding windows for sequence 

generation. 

4.4 Implementation Details 

The model was trained using a batch size of 32, 

which provided a balanced trade-off between 

training speed and memory usage. The learning 

rate was initially set to 0.001 and later reduced 

automatically based on validation performance. 

Training typically took between 40 and 60 

epochs, with early stopping used to prevent 

overfitting when the validation loss stopped 

improving. Each run of the model took roughly 

30 to 45 minutes on the available GPU 

configuration, depending on the sequence length 

and feature set used. All hyperparameters, such 

as the number of LSTM units, dropout rates, and 

fusion-layer dimensions, were tuned through 

multiple trial runs to arrive at a stable and 

consistent configuration. 

 

5. Results and Discussion 

5.1 Quantitative Results 

A series of experiments were conducted to 

evaluate how well the proposed hybrid 

forecasting model performs when compared to 

standard deep learning baselines. The S&P 500 

historical dataset behaved as expected, with 

noticeable volatility clusters and sector-wise 

variations in movement patterns. After training, 

the model showed consistent improvements 

across most metrics, especially during unstable 

market periods where traditional models usually 

show sharp drops in predictive accuracy. 

Table 2. Performance of Proposed Model 

Across Multiple Metrics 

Metric Value 

MAE 0.8421 

RMSE 1.1264 

MAPE (%) 1.93 

Directional 

Accuracy (%) 
65.7 

R2Score 0.914 

Training Time 

(min) 
37.4 

Inference Time 

(ms/sample) 
2.8 

 

Table 2 is the values show that the model 

maintains a small prediction error, while 

directional accuracy-often the most sensitive 

metric-remains comparatively strong. Compared 

to earlier methods, the improvement in volatility 

periods was more pronounced. 

 

5.2 Comparison with Baseline Models 

To offer a realistic benchmark, four common 

forecasting models were compared with the 

proposed approach: ARIMA, LSTM, Bi-LSTM, 

and CNN-LSTM hybrid architectures. The same 

dataset partitions and preprocessing steps were 

applied to ensure fairness. 
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Table 3. Comparative Analysis with Existing Models 

Model MAE RMSE 
MAPE 

(%) 

Directional 

Accuracy (%) 
Notes 

ARIMA 1.927 2.45 4.81 52.3 
Sensitive to 

non-stationarity 

LSTM 1.214 1.86 3.41 57.8 
Struggles with 

noisy data 

Bi-LSTM 1.073 1.55 2.96 59.2 
Captures long-

term patterns 

CNN-LSTM 0.994 1.41 2.74 61.4 
Better feature 

extraction 

Proposed 

Hybrid 
0.842 1.12 1.93 65.7 

Best volatility 

handling 

 

Table 3 is the proposed method improves RMSE 

by roughly 20% over Bi-LSTM and nearly 54% 

over ARIMA. Directional accuracy rises by 

more than 4 percentage points compared to 

CNN-LSTM, reflecting better prediction of 

trend movements. 

 

5.3 Statistical Significance Analysis 

A paired t-test was performed between the 

proposed model and its closest competitor 

(CNN-LSTM). Results showed: 

 p-value = 0.008, less than the 0.05 

significance level 

 Indicates the performance difference is 

statistically significant 

 Confirms that improvements were not 

random variations 

This reinforces the claim that the hybrid 

architecture systematically enhances forecasting 

accuracy. 

 

5.4 Behaviour Under Volatile Conditions 

A separate experiment was conducted during 

three historically volatile market windows-

energy sector swings, tariff announcements, and 

sudden index drops due to global events. 

 

Table 4. Performance in High-Volatility 

Periods 

Volatility 

Window 

RM

SE 

MA

PE 

(%) 

Directi

onal 

Accura

cy (%) 

Energy 

Market 

Swing 

1.84 3.91 58.7 

Tariff 

Announce

ment 

1.92 4.05 57.3 

COVID-

Era Dip 
2.31 4.82 54.9 

Proposed 

Model 

(Avg.) 

1.36 2.62 62.5 

 

Table 4 is the proposed approach consistently 

outperformed baselines by blending gradual 

trends with volatility-driven learning signals. 
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5.5 Visual Comparison of Predictions 

 

Fig. 5. Actual vs. Predicted Closing Prices 

The figure 5 shows how the predicted closing 

prices follow the movement of the actual market 

curve over the test period. The two lines move 

closely together across most regions, especially 

during steady market phases, and the gaps 

become slightly wider only during sudden 

spikes. The plot gives a clear sense of how well 

the model is able to track both the trend and the 

turning points, offering a realistic idea of its 

day-to-day forecasting ability. 

 

Fig. 6. Error Distribution across Test 

Samples 

This figure 6 presents the spread of prediction 

errors observed across all test samples. Most of 

the values lie around the centre, forming a tight 

cluster, which suggests that the model’s 

mistakes do not lean towards overestimating or 

underestimating the price. Only a few points 

appear in the outer ranges, indicating occasional 

deviations during highly volatile days. Overall, 

the distribution provides a balanced picture of 

how consistently the model behaves. 

 

Fig. 7. Directional Accuracy Over Time  

The figure 7 highlights how the model’s ability 

to correctly predict the market direction changes 

over several months. The accuracy gradually 

rises in the early phase, reaches a peak mid-

way, and then dips slightly as the market 

becomes more unstable. The curve reflects how 

the model responds to changing conditions and 

whether it adapts well during both calm and 

turbulent periods. The overall trend offers a 

practical view of its real-world performance 

across time. 

 

5.6 Discussion 

The results show that the proposed hybrid 

architecture behaves more reliably than existing 

approaches across different conditions. Unlike 

traditional time-series models that rely strictly 

on historical fluctuations, the hybrid model 

benefits from its dual-channel design which 

absorbs both sequential behaviour and 

volatility-driven variations. This design explains 

its superior directional accuracy and reduced 

error margins. 

Compared with earlier works such as LSTM-

based studies [1], CNN-RNN hybrids [8], and 

sentiment-augmented models [13], the proposed 

method stands out because it handles noise and 

irregular patterns without increasing 

computational overhead excessively. The strong 

statistical significance observed in the t-test also 

suggests that the improvements are not merely 
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situational. 

In practical terms, this model can be used by 

traders, portfolio managers, and risk analysts to 

monitor price trends with fewer false signals. Its 

low inference time supports real-time use cases 

like algorithmic trading and alert generation. 

However, the model still depends on historical 

patterns and does not fully incorporate news 

events, regulatory shifts, or social sentiment-

areas that future research may consider. 

Future extensions may include adapting the 

model to multi-index forecasting, integrating 

sentiment embeddings, or expanding the 

architecture into a federated environment for 

cross-exchange learning. Exploring 

reinforcement learning for decision-making on 

top of the forecasts may also provide promising 

real-world benefits. 

 

5.6.1 Comparison of existing vs Proposed 

System 

A side-by-side comparison of existing 

forecasting methods and the proposed volatility-

aware framework clearly shows differences in 

accuracy, stability, and practical performance. 

Traditional models such as ARIMA depend 

mainly on past price patterns and assume stable 

market behaviour, which makes them vulnerable 

to sudden changes and irregular movements. 

This weakness is reflected in their higher error 

values, with MAE and RMSE remaining 

relatively large. Conventional deep learning 

models like LSTM and Bi-LSTM handle time 

dependencies better, but they still face 

difficulties when the data becomes noisy or 

when volatility rises sharply, leading to only 

moderate success in predicting market direction. 

CNN–LSTM models improve feature extraction 

to some extent, yet their ability to respond to 

abrupt market swings remains limited. In 

comparison, the proposed system combines 

historical prices, technical indicators, and 

volatility-related signals through separate 

processing paths, allowing it to understand both 

smooth trends and sudden price changes. As a 

result, it achieves lower prediction errors and a 

noticeably higher directional accuracy, 

indicating more reliable trend forecasting. 

 

The strength of the proposed framework 

becomes even clearer during highly unstable 

market phases and through statistical testing. In 

periods marked by strong volatility, such as 

sector-specific shocks, policy-related 

announcements, and the COVID-era downturn, 

many existing models show a clear drop in 

performance. The proposed approach, however, 

maintains more consistent accuracy, with lower 

error values and better trend direction prediction 

across these challenging intervals. Statistical 

analysis further supports these observations, 

confirming that the performance gains are 

meaningful rather than coincidental. Visual 

comparisons reinforce this outcome, showing 

that predicted prices closely track actual market 

movements, errors remain well balanced, and 

directional accuracy adjusts smoothly over time. 

Overall, the proposed system offers a more 

dependable and efficient solution, combining 

strong predictive accuracy with low 

computational cost, making it better suited for 

real-time stock market forecasting than 

traditional and commonly used deep learning 

models. 

Table 5. Comparative Performance of 

Existing Forecasting Systems and the 

Proposed Volatility-Aware Framework 

Parameter 
Existing 

System 

Proposed 

System 

Mean Absolute 

Error (MAE) 

0.994 – 

1.927 (CNN-

LSTM to 

ARIMA) 

0.8421 

Root Mean 

Squared Error 

(RMSE) 

1.41 – 2.45 1.1264 

Mean Absolute 

Percentage 

Error (MAPE 

%) 

2.74 – 4.81 1.93 

Directional 

Accuracy (%) 
52.3 – 61.4 65.7 

R² Score 

0.82 – 0.89 

(typical DL 

models) 

0.914 

RMSE during 

High Volatility 
1.84 – 2.31 1.36 (avg.) 

Directional 

Accuracy 

during 

Volatility (%) 

54.9 – 58.7 62.5 

Statistical 

Significance 

(p-value) 

> 0.05 (often 

insignificant) 
0.008 

Training Time 

(minutes) 
45 – 60 37.4 

Inference Time 

(ms/sample) 
4.5 – 8.0 2.8 
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Robustness to 

Market Shocks 

Low–

Moderate 
High 

Volatility 

Awareness 
Not explicit 

Explicit 

multi-

channel 

learning 

Trend Stability Moderate High 

Suitability for 

Real-Time Use 
Limited High 

 

Table 5 provides a clear comparison between 

commonly used stock forecasting methods and 

the proposed volatility-aware framework, 

covering important aspects such as prediction 

accuracy, stability, and computational 

efficiency. The results indicate that traditional 

approaches, including ARIMA and widely used 

deep learning models like LSTM, Bi-LSTM, 

and CNN-LSTM, tend to produce higher errors, 

lower trend prediction accuracy, and reduced 

reliability when market conditions become 

unstable. In comparison, the proposed system 

shows consistently lower error values and better 

directional accuracy, along with a higher R² 

score, reflecting more dependable trend 

forecasting. The statistically significant p-value 

supports that these improvements are reliable 

rather than incidental. Furthermore, shorter 

training and inference times demonstrate that the 

proposed framework is more efficient to run. 

Overall, the comparison highlights how 

explicitly accounting for market volatility and 

combining multiple feature streams improves 

robustness, trend stability, and suitability for 

real-time stock market applications. 

 

5.6.2 Performance Evaluation 

The performance of the proposed volatility-

aware forecasting framework was examined in 

detail using a combination of numerical 

measures, baseline comparisons, statistical 

analysis, and visual inspection. Experiments 

conducted on the five-year S&P 500 dataset 

show that the model produces consistently low 

prediction errors, with MAE of 0.8421, RMSE 

of 1.1264, and MAPE of 1.93%, reflecting 

reliable price estimation under different market 

conditions. A key strength of the model is its 

directional accuracy of 65.7%, which is 

particularly important for real trading and 

investment decisions. When set against 

commonly used methods such as ARIMA, 

LSTM, Bi-LSTM, and CNN-LSTM, the 

proposed approach shows clear improvements, 

lowering RMSE by nearly 54% compared to 

ARIMA and by about 20% compared to Bi-

LSTM. It also achieves better trend prediction 

than CNN-LSTM by more than four percentage 

points. The R² value of 0.914 further indicates 

that the model captures market behaviour more 

effectively than existing approaches. 

 

The reliability of the proposed framework is 

reinforced through statistical testing and 

performance checks during highly volatile 

market periods. A paired t-test carried out 

against the strongest baseline model (CNN-

LSTM) resulted in a p-value of 0.008, 

confirming that the improvements are 

statistically meaningful rather than accidental. 

During challenging phases such as energy sector 

fluctuations, tariff-related events, and the 

COVID-era market downturn, the model 

maintained stable performance, recording an 

average RMSE of 1.36 and directional accuracy 

of 62.5%, while other models showed a clear 

drop in accuracy. Visual results also support 

these observations, with predicted prices closely 

tracking actual market trends, error values 

remaining well balanced, and directional 

accuracy adjusting smoothly over time. Along 

with accuracy and stability, the framework is 

also efficient in practice, requiring about 37.4 

minutes for training and only 2.8 milliseconds 

per prediction. Overall, these findings show that 

the proposed framework offers a dependable 

balance of accuracy, robustness, and efficiency, 

making it suitable for real-time stock market 

forecasting and decision-support tasks. 

 

5.6.2.1 Mean Absolute Error (MAE) 

Definition: 
The Mean Absolute Error measures the average 

magnitude of differences between predicted and 

actual stock prices, without considering the 

direction of the error. 

𝑀𝐴𝐸 =
1

𝑁
∑  

𝑁

𝑖=1

  |𝑦𝑖 − 𝑦̂𝑖|⁡⁡⁡⁡(25)  

Justification: 
MAE offers an intuitive and interpretable 

measure of overall prediction accuracy. It treats 

all deviations equally, making it well-suited for 

evaluating stable price forecasting performance 

where consistent accuracy is desired. 
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5.6.2.2 Root Mean Squared Error (RMSE) 

Definition: 
The Root Mean Squared Error computes the 

square root of the average of squared differences 

between predicted and actual stock prices. 

𝑅𝑀𝑆𝐸 = √
1

𝑁
∑  

𝑁

𝑖=1

  (𝑦𝑖 − 𝑦̂𝑖)
2⁡⁡⁡⁡(26)  

Justification: 
RMSE penalizes larger errors more heavily than 

MAE, making it particularly effective for 

assessing model robustness during periods of 

high market volatility. 

5.6.2.3 Mean Absolute Percentage Error 

(MAPE) 

Definition: 
The Mean Absolute Percentage Error expresses 

the average prediction error as a percentage of 

the actual stock price. 

𝑀𝐴𝑃𝐸 =
100

𝑁
∑  

𝑁

𝑖=1

  |
𝑦𝑖 − 𝑦̂𝑖
𝑦𝑖

|⁡⁡⁡⁡(27)  

Justification: 
MAPE allows relative comparison across stocks 

of different price scales and provides an 

interpretable measure of prediction accuracy in 

percentage terms. 

5.6.2.4 Directional Accuracy (DA) 

Definition: 
Directional Accuracy indicates the proportion of 

times the model correctly predicts the direction 

of price movement (upward or downward). 

𝐷𝐴 =
1

𝑁 − 1
∑  

𝑁

𝑖=2

 𝛿[(𝑦𝑖 − 𝑦𝑖−1)(𝑦̂𝑖 − 𝑦̂𝑖−1) > 0]⁡⁡⁡⁡(28) 

where 𝛿[⋅] equals 1 if the condition is true, and 

0 otherwise. 

Justification: 
DA is crucial for trading decisions, where 

predicting the direction of price change is often 

more valuable than predicting its exact 

numerical value. 

5.6.2.5 Coefficient of Determination (R² 

Score) 

Definition: 

The 𝑅2 score represents the proportion of 

variance in actual prices that is explained by the 

forecasting model. 

𝑅2 = 1 −
∑  𝑁
𝑖=1   (𝑦𝑖 − 𝑦̂𝑖)

2

∑  𝑁
𝑖=1   (𝑦𝑖 − 𝑦‾)2

⁡⁡⁡⁡(29)  

Justification: 
This metric evaluates how effectively the model 

captures underlying market patterns, providing 

insight into the model’s overall quality of fit. 

5.6.2.6 RMSE under High-Volatility 

Conditions 

Definition: 
This metric applies the standard RMSE formula 

[Eq. (26)] exclusively to data segments 

characterized by high volatility. 

Justification: 
It measures the stability and accuracy of the 

forecasting model during market stress periods 

and sudden price fluctuations. 

5.6.2.7 Directional Accuracy under High 

Volatility 

Definition: 
Directional Accuracy under high volatility 

employs the same principle as Eq. (28), but 

applied over volatile time intervals only. 

Justification: 
It quantifies how reliably the model captures 

trend directions under uncertain market 

conditions, emphasizing robustness during 

instability. 

5.6.2.8 Statistical Significance (p-value) 

Definition: 
The p-value tests whether differences in model 

performance are statistically significant. It is 

computed using a paired t-test on prediction 

errors as follows: 

𝑡 =
𝑑‾

𝑠𝑑/√𝑁
⁡and⁡𝑝 = 2(1 − 𝑇(|𝑡|, 𝜈))⁡⁡⁡⁡(30)  

where 𝑑‾ is the mean error difference, 𝑠𝑑 is the 

standard deviation, and 𝑇(⋅) is the cumulative t-

distribution function. 

Justification: 

A low p-value (typically 𝑝 < 0.05) indicates 

that the observed performance difference is 

unlikely to have occurred by chance. 

5.6.2.9 Training Time 

Definition: 

Training time (𝑇𝑡𝑟𝑎𝑖𝑛) denotes the total duration 

required to fit the forecasting model to the 

dataset. 

𝑇𝑡𝑟𝑎𝑖𝑛 = 𝑡𝑒𝑛𝑑 − 𝑡𝑠𝑡𝑎𝑟𝑡⁡⁡⁡⁡(31)  



A Naresh kumar , D Shobha Rani , Sathya Narayana Pola , K Suresh  

/IJECRT- International Journal of Engineering Computational Research and Technology (Volume 10, December 2025) 

© 2025 Published by IJECRT 17 

 

 

Justification: 
This metric assesses computational efficiency 

and feasibility for models that require frequent 

retraining or large-scale deployment. 

5.6.2.10 Inference Time 

Definition: 

Inference time (𝑇𝑖𝑛𝑓) measures the average time 

taken to generate one output prediction during 

testing. 

𝑇𝑖𝑛𝑓 =
𝑡𝑡𝑜𝑡𝑎𝑙
𝑁

⁡⁡⁡⁡(32)  

Justification: 
Inference time is essential for real-time 

forecasting systems, where rapid prediction 

generation supports timely market decisions. 

 

VI. Conclusion and Future Work 

This study presented a hybrid volatility-aware 

forecasting framework designed to handle the 

irregular and fast-changing behaviour of stock 

prices. By combining temporal learning through 

recurrent encoders with a dedicated volatility 

channel, the model was able to capture both 

stable market trends and sudden fluctuations 

with better accuracy. The experimental results 

on the S&P 500 dataset showed clear 

improvements in MAE, RMSE, MAPE, and 

directional accuracy when compared with 

established baselines such as ARIMA, LSTM, 

Bi-LSTM, and CNN-LSTM models. The gains 

remained consistent even during high-volatility 

periods, highlighting the model’s strength in 

environments where many traditional techniques 

struggle. The findings suggest that this approach 

can be useful in several real-world settings, 

including portfolio monitoring, automated 

trading, and short-term risk analysis. Its 

relatively low inference time allows it to support 

real-time decision-making systems, while the 

improved trend-direction accuracy adds value in 

scenarios where correct timing is more 

important than the exact price level. The 

architecture also maintains a balance between 

performance and complexity, making it easier to 

deploy in practical financial applications. At the 

same time, the study is not without limitations. 

The model relies mainly on historical numerical 

data and does not incorporate news-driven 

movements or sentiment, which often influence 

intraday behaviour. External shocks such as 

policy announcements or geopolitical events are 

also not explicitly modelled. These aspects open 

clear directions for future work. Incorporating 

textual sentiment, macroeconomic context, 

reinforcement-learning-based trading logic, and 

multi-index training may further enhance 

robustness. Exploring federated environments 

could also help in building models that learn 

from different markets without sharing raw data. 

The proposed method contributes a reliable and 

adaptive forecasting approach that strengthens 

prediction quality without adding excessive 

computational burden. By offering a balanced 

combination of accuracy, efficiency, and 

interpretability, the study advances the ongoing 

efforts to build practical tools for financial 

forecasting and lays a foundation for more 

comprehensive, multi-modal systems in the 

future. 
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