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Abstract

The rapid proliferation of large-scale financial data, coupled with advance-
ments in Artificial Intelligence (AI), has significantly transformed modern
financial decision-making. This paper presents a comprehensive state-of-the-
art review of AI-driven approaches supported by Big Data infrastructure in
the financial domain. We analyse recent academic contributions (2023–2025)
across machine learning(ML), deep learning and hybrid ensemble techniques
applied to forecasting, portfolio optimisation, risk assessment and fraud
detection. Emerging data architectures such as streaming frameworks and
lakehouse platforms are assessed in terms of their ability to support real-
time analytics and large-scale model deployment. We highlight the transition
towards multimodal and attention-based models that integrate structured and
unstructured data sources, and identify key challenges including concept
drift, explainability, privacy and robustness. A detailed case study involving
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a GPU-accelerated hybrid deep learning and ensemble model for BTC–USD
price prediction demonstrates practical benefits and current limitations: the
hybrid model achieved an RMSE of 2656.69, a MAPE of 2.14%, and an R2

of 0.9626 on the test set. Although the absolute RMSE reflects the inherent
volatility of the asset class, the low MAPE (2.14%) and high R2 confirm the
model’s predictive efficacy during regime shifts, highlighting the necessity
for future integration of macro-scenarios.

Keywords: Artificial intelligence (AI), big data, financial decision-making,
deep learning, machine learning (ML), hybrid models, ensemble learning,
real-time analytics, financial forecasting, risk assessment, fraud detection,
concept drift, explainability, privacy, robustness, multimodal models, stream-
ing frameworks, lakehouse architecture, BTC-USD prediction.

1 Introduction

1.1 Background and Motivation

The financial sector has witnessed a profound transformation in the past
decade, driven by two key technological forces: Big Data and Artificial
Intelligence (AI). This convergence has accelerated Financial Technology
(FinTech), where modelling and forecasting financial instruments (e.g., equi-
ties, foreign exchange, derivatives, and cryptocurrencies) has become central
to decision-making. A lakehouse architecture combines the flexibility of data
lakes (raw, heterogeneous data at scale) with the governance and performance
of data warehouses, providing a unified foundation for analytics and machine-
learning workflows while reducing data duplication. Despite the abundance
of market data, forecasting financial time series remains difficult because
prices are shaped by interacting drivers such as macroeconomic conditions,
policy changes, fundamentals, geopolitical shocks, and investor sentiment,
often producing sudden event-driven discontinuities.

Financial time series prediction therefore represents a high-stakes, data-
intensive problem at the intersection of economics, statistics, and AI. Tra-
ditional statistical models such as Linear Regression (LR), Autoregressive
Moving Average (ARMA), and Autoregressive Integrated Moving Average
(ARIMA) have historically dominated this space, providing interpretable
but often limited forecasting capability under non-stationarity and noise [1].
Classical finance foundations – including Modern Portfolio Theory [51],
the Efficient Market Hypothesis [52], and the Black–Scholes option pricing
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framework [53] provide important context for why forecasting is challenging
and why rigorous evaluation is necessary. ML approaches such as Support
Vector Machines (SVM), K-Nearest Neighbors (KNN), and Random Forests
(RF) improved predictive power in non-linear settings [2, 4]. However, many
classical ML pipelines still rely on substantial feature engineering and can
struggle to capture long-range temporal dependencies.

More recently, deep learning has revolutionized time series modelling,
offering architectures such as Artificial Neural Networks (ANN), Convo-
lutional Neural Networks (CNN), Long Short-Term Memory (LSTM), and
Transformer models that can capture complex temporal dynamics [5, 8].
The shift from hand-crafted features and fixed lag structures to automatic
representation learning and long-range dependency modelling has improved
predictive accuracy and robustness in many financial forecasting tasks.

1.2 Challenges in Financial Time Series Prediction

Financial time series exhibit statistical properties that distinguish them from
generic time series. These include non-linearity, non-stationarity, volatility
clustering, heavy tails, and regime dependence, which weaken the assump-
tions behind many traditional forecasting models [9, 12]. Behavioral and
event-driven influences – such as investor psychology, government policy
shifts, or earnings announcements – add further uncertainty and abrupt
discontinuities [13]. Another crucial challenge is temporal heterogeneity:
financial data contain both high-frequency microstructure signals and long-
term macroeconomic trends, and ignoring either dimension can degrade
performance. As a result, robust models must capture short-term volatility
while also modelling long-range dependencies. Moreover, financial datasets
are often noisy, incomplete, and prone to sudden regime shifts, requiring
models to generalize under changing data distributions. This phenomenon is
commonly referred to as concept drift: the relationship between input features
and prediction targets evolves over time, causing models trained on historical
patterns to lose accuracy in new market conditions.

1.2.1 Unified taxonomy of challenges and research directions
Financial AI challenges can be organized into four linked layers: (1) data
and regimes (noise, non-stationarity, drift), (2) model reliability (overfitting,
robustness, uncertainty), (3) explainability and governance (interpretability,
auditability, compliance), and (4) deployment constraints (latency, through-
put, monitoring, retraining). These layers directly motivate the research
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agenda: drift-aware learning for regime changes, uncertainty-aware and
robust validation for reliability, explainable AI for transparent decisions,
and scalable Big Data pipelines for low-latency deployment with continuous
monitoring.

1.3 The Need for Hybrid and Interpretable Models

While deep learning can achieve state-of-the-art performance, its black-box
nature raises concerns in high-risk domains such as finance. Domain experts
and regulators increasingly demand transparency, explainability, and risk-
awareness. There is growing interest in hybrid frameworks that combine the
pattern-recognition capabilities of deep networks with the interpretability and
stability of traditional models [14, 16]. This includes integrating statistical
priors, economic knowledge, or ensemble learning to enhance robustness and
reduce overfitting. In practice, explainability also supports auditability and
model-risk governance in regulated settings.

1.4 Objective and Scope of This Study

The objective of this study is to provide a comprehensive and practi-
cal review of modern AI approaches for financial time series forecasting.
Unlike prior surveys, we jointly synthesise recent advances in attention-
based, multimodal, and hybrid/ensemble models with deployment-oriented
Big Data considerations (e.g., latency, scalability, and monitoring). We focus
on studies published between 2023 and 2025 because this period reflects
a major acceleration in attention-based and multimodal models, as well
as production-grade Big Data architectures (e.g., streaming and lakehouse
systems), which reshaped both research directions and real-world deployment
requirements in finance. Our focus is threefold:

• First, we survey the evolution from statistical to ML and deep learning
approaches, highlighting their comparative strengths and limitations.

• Second, we identify the major challenges that arise from the statistical
nature of financial data and the operational requirements of real-world
financial systems.

• Third, we propose a hybrid deep learning architecture combining CNN,
GRU, and Transformer modules, followed by ensemble meta-learners,
and we evaluate its performance using a real-world financial
dataset.
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This study is designed for a dual audience: financial practitioners seeking to
deploy robust AI architectures and academic researchers aiming to identify
critical gaps in the current literature regarding scalability and infrastructure.

To position our contribution with respect to existing review studies,
Table 1 summarizes representative surveys published between 2020 and
2024, highlighting their primary focus, key limitations, and how this work
extends the literature.

Table 1 Comparison with prior review studies (2020–2024)

Ref/Year Focus Key Limitations Our Contribution

[1]/2020 DL forecasting
review
(2005–2019).

Older scope; limited
attention/multimodal and
modern deployment.

Extends to 2023–2025;
links AI to
streaming/lakehouse and
deployment constraints.

[3]/2021 DL applications
in finance.

Less emphasis on
latency/cost, governance,
and drift-aware
deployment.

Adds a system-level view
with drift, privacy, and
explainability for
production.

[2]/2023 DL for financial
time-series
forecasting.

Model-centric; limited Big
Data engineering
integration.

Provides an end-to-end AI
+ Big Data view; maps
methods to real-world
constraints.

[4]/2023 Fraud detection
review.

Task-specific; not
forecasting-centric.

Broader coverage across
tasks and a unified scalable
architecture view.

[5]/2024 DRL portfolio
review/benchmark.

Narrow scope
(portfolio/DRL); not
end-to-end.

Broader taxonomy and
BTC–USD hybrid case
study for validation.

1.5 Paper Structure

The remainder of this paper is structured as follows: Section 2 outlines related
literature on machine learning and deep learning for financial prediction.
Section 3 presents the proposed hybrid deep architecture and discusses its
methodological components. Section 4 details the experimental setup, use
case, and evaluation metrics. Section 5 discusses the results, compares them
to benchmark models, and analyzes limitations. Section 6 concludes the paper
with recommendations for future research and practical deployment.
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1.6 Methodology

Relevant literature was identified through structured keyword-based searches
across major academic databases, including IEEE Xplore, ACM Digital
Library, SpringerLink, ScienceDirect, and Google Scholar. The search strat-
egy combined terms related to AI methods and financial applications, such as:
“financial time series forecasting”, “deep learning finance”, “hybrid model
stock prediction”, “transformer time series”, “multimodal finance”, “concept
drift detection”, and “big data architecture finance”.

To ensure consistency and relevance, we restricted our selection to
peer-reviewed journal and conference publications written in English and
published between January 2023 and July 2025. Preprints (e.g., arXiv) were
included only when they demonstrated clear novelty and had been cited by at
least one peer-reviewed publication. We excluded studies that lacked empir-
ical evaluation, focused on non-financial domains, or provided insufficient
methodological detail for meaningful comparison.

The selection process followed two screening stages: first, titles and
abstracts were reviewed to remove irrelevant or duplicate records; second,
full-text screening was conducted to confirm eligibility and extract evidence.
Each retained study was then analysed using a unified template capturing
the financial domain (forecasting, risk, portfolio, fraud), modelling approach
(ML/DL/hybrid/ensemble), datasets used, evaluation metrics, and reported
limitations. Overall, an initial pool of 312 records was retrieved, of which 87
studies were retained for detailed analysis and form the evidence base for the
subsequent sections.

2 Foundations

2.1 Overview of Financial Decision-Making

Financial decision-making refers to processes in which individuals or institu-
tions allocate capital and manage risk under uncertainty, including invest-
ment, financing and operational decisions. While classic economic and
statistical models—such as regression-based forecasting and the Markowitz
portfolio framework—remain prevalent, they often fail to capture the com-
plex temporal dependencies and nonlinear patterns observed in modern
financial markets [6]. Recent studies demonstrate that purely model-driven
methods struggle when faced with volatile conditions and high-dimensional
data structures [7].
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2.2 Role of Big Data and AI in Finance

Big Data technologies provide the infrastructure needed to manage the enor-
mous volume, velocity, and variety of financial data. Distributed computing
platforms such as Hadoop and Spark enable scalable storage and process-
ing of heterogeneous data streams. AI techniques, including ML and deep
neural networks, make it possible to extract complex patterns and trans-
form raw data into actionable insights, thereby improving decision-making
processes [8].

From an operational perspective, the suitability of streaming and lake-
house platforms for financial AI is determined by three constraints: latency
(time from data arrival to model inference), throughput (ability to ingest and
process high-volume streams), and cost (compute, storage, and governance
overhead). Message queues such as Apache Kafka support scalable ingestion
of real-time feeds, while stream processors such as Apache Flink enable low-
latency event-time computations for continuous analytics [34, 35]. On the
storage layer, lakehouse implementations such as Delta Lake provide ACID-
like reliability over cloud object storage, supporting consistent batch and
streaming pipelines [36], and engines such as Apache Spark enable large-
scale feature engineering and training workloads [37]. In practice, finance
use cases must balance strict service-level requirements (e.g., fraud detection)
against the cost of continuous processing and model retraining, especially
under bursty market conditions.

Recent research has shown that combining Big Data infrastructures with
AI-based analytics leads to significant improvements in real-time forecasting
and fraud detection performance [9, 10].

3 AI Techniques Used in Financial Decision-Making

3.1 Classical ML Models

Classical ML algorithms remain widely used because of their interpretabil-
ity and empirical robustness. Support Vector Machines (SVMs) have been
employed for credit risk assessment and market state classification [17].
Ensemble methods such as Random Forests and Gradient Boosted Trees (e.g.,
XGBoost, LightGBM) have been shown to outperform traditional economet-
ric models for early-warning financial systems [14, 16]. Their main limitation
is the need for extensive feature engineering and their limited ability to
capture long-term temporal dependencies.
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3.2 Deep Learning Models

3.2.1 Recurrent networks (LSTM/GRU)
LSTM and GRU networks are particularly effective for sequential forecasting
of stock prices and volatility because of their ability to capture long-range
temporal dependencies [11, 12].

3.2.2 Convolutional neural networks (CNNs)
Convolutional Neural Networks have been applied to limit order book data
and candlestick-chart representations, where they extract spatial and temporal
patterns that are not visible to traditional models [26].

3.2.3 Attention-based (transformer) models
Transformers replace recurrence with self-attention, allowing each time step
to learn weighted dependencies over all other time steps. This enables
parallel training and better modeling of long-range temporal relationships
compared to purely recurrent architectures. In financial forecasting, atten-
tion is particularly useful for capturing delayed effects (e.g., macro signals
influencing price trends) and for learning cross-feature interactions when
many engineered indicators and contextual variables are included. However,
Transformers are typically data- and compute-intensive, can overfit noisy
markets if regularization and leakage control are weak, and may degrade
under regime shifts unless combined with drift-aware retraining or robust
validation. Their interpretability is also partial: attention weights offer insight
into influential time segments, but should be complemented with explanation
methods (e.g., SHAP) for feature-level attribution [19]. Transformers were
introduced in [13] and later adapted for forecasting through architectures such
as TFT and Informer [6, 49].

3.2.4 Multimodal models (text–price fusion)
Multimodal learning extends financial forecasting beyond numerical price
and volume series by integrating unstructured signals such as financial news,
social-media sentiment, earnings-call text, or even chart-based visual repre-
sentations. A common design is to use separate encoders for each modality
(e.g., a language model for text and a temporal encoder for numerical
features), followed by a fusion module that combines the learned representa-
tions. Fusion can be performed via early fusion (concatenating inputs), late
fusion (merging latent embeddings), or cross-attention, where one modality
(e.g., news) guides the model to focus on relevant temporal patterns in the
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price sequence. Pre-trained financial language models such as FinBERT
have been widely used to extract sentiment and event representations from
text, which can improve robustness during news-driven volatility [27]. More
recent approaches adopt transformer-based multimodal fusion mechanisms
to handle unaligned sequences and complex interactions between modali-
ties [30], and financial-specific multimodal architectures have demonstrated
competitive performance by jointly learning from news and chart information
for stock movement prediction [46]. However, multimodal models introduce
additional challenges, including timestamp alignment, noisy or conflicting
signals, higher computational cost, and potential information leakage if text
is not carefully synchronized with market time. As a result, rigorous data
alignment, validation, and ablation studies are essential to ensure that per-
formance gains reflect genuine predictive value rather than artefacts of data
availability.

Overall,The progression from recurrent to attention-based and multi-
modal architectures reflects a trade-off between temporal expressiveness,
computational efficiency, and robustness to market noise. While LSTM
and GRU networks capture sequential dependencies with moderate com-
putational cost, they may struggle with very long-horizon interactions and
abrupt regime shifts in non-stationary markets [11, 12]. CNN-based mod-
els complement this by extracting local spatial–temporal patterns from
order-book or chart-style representations, but remain limited in modelling
distant dependencies [26]. Transformer-based approaches address these lim-
itations through self-attention, enabling effective learning of long-range
relationships and cross-feature interactions, albeit at higher computational
cost and a higher risk of overfitting under volatile conditions [13]. Multi-
modal models further extend this paradigm by integrating textual, visual,
and numerical signals, improving context-awareness during event-driven
volatility, while introducing challenges in alignment, fusion design, and
signal noise [27, 30, 46]. Overall, no single architecture dominates all
forecasting scenarios; model choice should balance predictive performance,
interpretability requirements, latency constraints, and the available data
modalities.

3.3 Hybrid and Ensemble Approaches

Hybrid and ensemble methods aim to combine the pattern-recognition
strength of deep networks with the stability of classical models. A common
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strategy is feature-stacking, where recurrent encoders (e.g., LSTM/GRU)
extract latent time-series representations that are then used by a tree-based
learner such as XGBoost for final prediction [11, 12, 15]. Another
approach is model-stacking, where outputs from heterogeneous learners
(e.g., CNN/LSTM and Random Forest) are aggregated using a meta-learner
following the stacked generalization principle [14, 18]. These approaches
can improve robustness to noise and non-stationarity, but they introduce
additional computational overhead and may reduce transparency unless com-
plemented with explanation tools such as SHAP or LIME [19, 20], creating a
trade-off between performance gains and operational interpretability.

4 Big Data Frameworks and Technologies in Finance

4.1 Data Sources and Infrastructures

Financial analytics increasingly depends on a wide range of heterogeneous
data sources, including structured market data (e.g., stock prices, trading
volumes), semi-structured transaction logs and unstructured data such as
news articles, reports, and social media feeds. The integration of such
diverse data requires scalable storage and processing infrastructures. Dis-
tributed computing platforms such as Apache Hadoop and Apache Spark
are commonly adopted in financial firms to handle batch and iterative
processing of large-scale datasets [21, 22]. In addition, lakehouse archi-
tectures have recently emerged as a unified paradigm combining the flexi-
bility of data lakes with the transactional consistency of data warehouses,
thereby enabling more efficient analytics and easier integration with ML
pipelines [23].

4.2 Real-Time Data Processing and Streaming

Real-time decision-making in areas such as algorithmic trading and fraud
detection requires fast ingestion and low-latency processing of streaming
data. Frameworks such as Apache Kafka and Apache Flink facilitate high-
throughput data ingestion, while stream-processing engines allow continuous
model execution over incoming data streams [24]. Recent studies demon-
strate that combining stream-processing architectures with AI models can
significantly improve real-time anomaly detection and market trend pre-
diction [25, 26]. In addition, edge computing strategies are increasingly
being explored to enable faster local inference while reducing latency in
time-critical financial applications [27].
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5 Recent Advances(2023–2025)

5.1 Risk Assessment and Fraud Detection

Recent research has focused heavily on developing AI models that enhance
the accuracy and speed of fraud detection and credit risk assessment. Graph-
based neural networks have been proposed to model transactional relation-
ships and detect anomalous behaviour in financial networks [28]. In addition,
hybrid deep learning–ensemble schemes have demonstrated improved gener-
alisation in real-time credit default prediction scenarios [29]. Several studies
report that incorporating alternative data (e.g., customer browsing activity)
into AI models significantly increases early detection rates of fraudulent
events compared to traditional rule-based systems [30].

5.2 Portfolio Management and Trading

In the area of portfolio optimisation and quantitative trading, Transformer-
based time-series models have shown promising results, outperforming
LSTM baselines in predicting multi-asset returns over long horizons [31].
Other recent studies have explored reinforcement learning approaches that
dynamically adjust portfolio allocations based on market conditions and
risk constraints [32]. Combining reinforcement learning with attention-based
architectures has been reported to improve financial performance metrics
such as Sharpe and Sortino ratios in simulated trading environments [33].

5.3 LLMs and Multimodal AI in Finance

Large Language Models (LLMs) have recently been applied to extract action-
able information from unstructured text such as company earnings calls and
macroeconomic announcements. For instance, transformer-based language
models fine-tuned on financial text have been shown to improve earnings
surprise prediction and sentiment-based trading strategies [34]. Hybrid mul-
timodal systems that integrate numeric data with textual and visual features
(e.g., combining price series with news sentiment and candlestick images)
have also been proposed to enhance forecasting performance and increase
robustness under volatile conditions [35, 36].

6 Challenges and Open Research Problems

6.1 Non-Stationarity and Concept Drift

One of the major challenges in financial decision-making is the non-
stationary nature of financial data. Market conditions evolve over time due
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to regulatory changes, macroeconomic shifts and unexpected geopolitical
events, which can cause previously learned patterns to become invalid.
Standard machine learning and deep learning models often assume that the
training and deployment data are drawn from the same distribution; this
assumption rarely holds in real-world financial environments.

Recent studies have highlighted the importance of concept drift detection
and adaptive learning strategies in order to maintain model performance
under changing conditions. For example, online learning and incremental
training techniques have been applied to LSTM-based forecasting models
to adapt to drifting distributions in stock price time series [37]. Other work
proposes the use of drift-robust architectures that integrate uncertainty quan-
tification and Bayesian model updating to cope with non-stationarity [38].
Despite these advances, developing AI systems that remain reliable under
severe regime shifts (e.g., financial crises) remains an open research problem.

6.2 Model Explainability and Regulation

The increasing complexity of AI models used in financial applica-
tions—particularly deep and hybrid architectures—raises significant con-
cerns about transparency and interpretability. Financial institutions must
operate under strict regulatory frameworks that require not only high pre-
dictive performance but also clear explanations of how decisions are made.
Traditional explainability techniques, such as feature importance scores or
local surrogate models, are often insufficient for capturing the full behaviour
of deep neural networks [39].

Recent research efforts have attempted to combine explainable AI (XAI)
techniques with financial models in order to meet regulatory standards. For
example, attention-weight visualisation has been used to identify which
time-series segments contribute most to a prediction, while SHAP (Shap-
ley Additive Explanations) values have been applied to interpret hybrid
LSTM–ensemble models in credit scoring [40]. Nevertheless, developing
explainable models that satisfy both regulatory requirements and perfor-
mance criteria is still an open challenge, especially in real-time decision-
making environments.

6.3 Data Privacy and Governance

Financial datasets often contain highly sensitive personal and transactional
information, which makes data privacy and governance a critical concern
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in AI-driven decision-making. Strict regulations such as the General Data
Protection Regulation (GDPR) impose legal constraints on how financial
institutions collect, process and store data. These regulations challenge
the development of data-hungry models and complicate the integration of
heterogeneous data sources across different jurisdictions.

To address these issues, recent studies have explored privacy-preserving
machine learning techniques, including federated learning and differential
privacy, which enable collaborative training without exposing raw data [41].
Such approaches have been applied to credit scoring and fraud detection
systems and have demonstrated a balance between model performance and
privacy preservation [42]. However, implementing these techniques in pro-
duction remains difficult due to high system complexity and trade-offs
between privacy guarantees and predictive accuracy.

6.4 Robustness and Generalisation

AI models deployed in financial systems must be robust to noise, adver-
sarial manipulation and unexpected market events. However, many existing
approaches tend to overfit to historical data and exhibit poor out-of-sample
generalisation. This issue is particularly critical in high-stakes applications
such as automated trading or systemic risk assessment. Recent research
has highlighted the importance of incorporating regularisation techniques,
adversarial training and uncertainty estimation methods into financial models
in order to improve robustness [43]. For example, ensemble-based Bayesian
deep learning models have been shown to provide better uncertainty estimates
and more reliable predictions during periods of high volatility [44]. Neverthe-
less, ensuring reliable model performance in unseen or extreme conditions
(e.g., black-swan events) continues to be a major unresolved challenge in the
field.

7 Discussion and Future Directions

7.1 Implications for Practice

The integration of AI and Big Data into financial decision-making has
significant implications for practitioners. Financial institutions can benefit
from enhanced forecasting accuracy, improved risk management, and faster
detection of fraudulent activities. However, successful deployment requires
not only advanced models but also robust data infrastructure and strong
governance frameworks. Organisations must therefore invest in scalable data
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pipelines, cross-disciplinary teams, and risk-management procedures that
account for model uncertainty and regulatory requirements. In particular,
explainable AI capabilities should be integrated at the design stage to enable
better auditability and stakeholder trust.

7.2 Future Research Directions

Several promising research directions emerge from the current literature.
First, there is a need for drift-aware and adaptive models that can dynami-
cally update in response to changing market conditions. Second, multimodal
learning approaches that combine numerical, textual, and visual data streams
should be further explored to capture complementary information in complex
financial environments. Third, the development of privacy-preserving and
explainable architectures remains a high priority, especially in regulated
domains. Finally, further work is required to evaluate AI models under
stress-testing and extreme-event scenarios, in order to better understand their
robustness and decision-making reliability.

8 Use Case: Hybrid AI Experiment on BTC-USD
Forecasting

We validate the practical impact of the proposed approach through a repro-
ducible BTC–USD forecasting experiment. Bitcoin is a demanding test case
due to its high volatility and frequent regime shifts. The goal is to demonstrate
an end-to-end workflow that combines feature-rich data preparation with a
hybrid deep-learning and ensemble architecture.

8.1 Data Workflow and Experimental Setup

The dataset was built from daily BTC–USD OHLCV data collected through
Yahoo Finance using the yfinance API. To add broader market context, we
also included SPY, QQQ, VIX, and the U.S. Dollar Index (DXY), aligned
by date and merged into a single table. We then engineered features cov-
ering multi-horizon returns and log-returns, common technical indicators
(moving averages, RSI, MACD, Bollinger Bands), volatility and momentum
measures, market-relative signals, and calendar/cyclical variables. Highly
correlated features were removed using a correlation threshold to reduce
redundancy.

For preprocessing, input features were scaled with RobustScaler to limit
the impact of outliers, while the prediction target was defined as next-step log
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return and standardized with StandardScaler. The deep-learning branch was
trained on rolling sequences of 60 time steps, whereas the ensemble learners
used non-sequential feature vectors. Data were split chronologically to avoid
leakage: the final 20% was reserved for testing, and the remaining 80% was
split into training and validation (roughly 64% train, 16% validation, 20%
test overall). Performance was reported using RMSE, MAE, MAPE, and R²
on reconstructed prices.

8.2 Hybrid Model Architecture

The proposed model follows a hybrid design that combines three deep-
learning branches trained in parallel: a CNN→LSTM branch to capture local
patterns and short-term dynamics, a bidirectional GRU branch as an alter-
native sequential encoder, and a Transformer branch to model longer-range
dependencies through self-attention. Each branch outputs a compact latent
representation, and these representations are concatenated and passed through
fusion layers with a residual connection to form a final shared embedding.

Table 2 Hybrid deep-learning branches used in the architecture
Branch Purpose
CNN→ LSTM Local temporal smoothing and sequential learning.
GRU Alternative sequential representation.
Transformer Long-range attention and context modelling.

The branch outputs are concatenated into a 128-dimensional latent vector
and refined through residual fusion layers. In parallel, a stacking ensemble
(Random Forest, Gradient Boosting, ElasticNet) is trained, and a Ridge meta-
learner combines their predictions to produce the final forecast.

8.3 Results and Interpretation

After GPU-accelerated training, the model achieved the following test-set
results: RMSE = 2656.69, MAPE = 2.14%, and R2 = 0.9626 (Table 3).

Table 3 Test-set performance metrics
Metric Value
RMSE 2656.69
MAPE 2.14%
R2 0.9626
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The hybrid pipeline improved performance by 39% compared to
the baseline deep-learning model, highlighting the benefit of combining
complementary architectures. While the overall fit is strong (high R2) and
the relative error remains moderate (MAPE), the absolute RMSE is rel-
atively large in dollar terms because BTC–USD operates at a high price
level and exhibits heavy volatility, abrupt jumps, and regime shifts; under
these conditions, even small percentage deviations can translate into large
absolute errors. Moreover, purely offline training on historical patterns
may under-represent event-driven movements and macro-regime transitions.
These results suggest that future work should prioritize drift-aware updating
and macro-scenario integration to improve robustness under changing market
conditions.

Ablation (stacking effect): To quantify the contribution of the stacked clas-
sical learners, we compared the deep-only predictor (hybrid network output)
against the full deep+stacking pipeline (meta-learner output). Table 4 reports
the corresponding test-set metrics.

Table 4 Ablation study: deep-only vs. deep+stacking (test set)

Metric Deep-only Deep+Stacking

RMSE 3262.53 2572.36

MAE 2610.71 1928.61

MAPE 2.58% 1.93%

R2 0.9252 0.9535

Compared to the deep-only predictor, adding the stacking ensemble
reduced RMSE from 3262.53 to 2572.36 (21.15% improvement) and MAPE
from 2.58% to 1.93% (25.33% improvement), while R2 increased from
0.9252 to 0.9535 (∆R2 = +0.0283), confirming that the ensemble layer
contributes materially to robustness under BTC–USD’s noisy, non-stationary
dynamics.

Figure 1 shows the prediction and performance results of the proposed
hybrid model. Subfigures (a) and (b) illustrate that the hybrid ensemble
closely follows the BTC–USD trajectory and maintains a strong overall fit
across the test window. Subfigures (c) and (d) compare RMSE and MAPE
against baseline variants, highlighting the relative advantage of the hybrid
design.
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(a) Hybrid model predictions. (b) Actual vs. Predicted.

(c) Performance comparison (RMSE). (d) Performance comparison (MAPE).

Figure 1 Comparison of prediction and performance results for the proposed hybrid model.

8.4 Future Improvements

In future work, we will enhance robustness to non-stationarity by adding
drift-detection and walk-forward retraining so the model can adapt when
market regimes change. We also plan to incorporate macro-scenario sig-
nals—such as monetary-policy proxies, inflation/interest-rate indicators, and
macro sentiment—to better capture event-driven movements that are not
fully represented in historical OHLCV patterns. Finally, we will refine the
fusion stage by exploring more flexible attention-based fusion mechanisms
and will validate the approach on additional asset classes (e.g., equities and
commodities) to assess generalizability beyond crypto markets.
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9 Conclusion

The integration of Artificial Intelligence (AI) and Big Data is reshaping
financial decision-making by enabling scalable analytics, faster risk-aware
responses, and more automated forecasting pipelines. This study showed
that meaningful progress in financial prediction requires not only stronger
models, but also production-oriented data architectures capable of handling
high volume, velocity, and heterogeneous sources under real operational
constraints.

Across recent work (2023–2025), a clear trend emerges from classical
machine learning toward deep, hybrid, and multimodal systems. Recurrent
models (LSTM/GRU) remain effective for sequential dependence, CNNs
capture local structure in market representations, and attention-based Trans-
formers better model long-range interactions, while multimodal approaches
enrich forecasting by combining numerical series with unstructured signals
such as news and sentiment. In parallel, modern lakehouse and stream-
processing platforms provide a practical foundation for governance, repro-
ducibility, and near real-time deployment at scale.

Our BTC–USD case study provides practical evidence of this inte-
gration: a GPU-accelerated hybrid architecture combining CNN→LSTM,
GRU, and Transformer branches with a stacked ensemble improved perfor-
mance over a single deep-learning baseline and achieved R2 = 0.9626 with
MAPE = 2.14% on the test set. However, the remaining gap in absolute
error highlights persistent challenges in highly volatile markets, where regime
shifts and event-driven jumps reduce the reliability of offline-trained models.

Overall, the findings emphasize that future progress depends on drift-
aware updating, macro-scenario integration, and stronger interpretability
mechanisms that support trustworthy decision support. Continued devel-
opment of adaptive, explainable, and multimodal AI—paired with robust
Big Data infrastructures—will be essential for reliable deployment in real
financial environments.
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