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Abstract

Financial markets are complex, dynamic systems influenced by
quantitative indicators, macroeconomic factors, and investor sentiment,
making stock price prediction a challenging task. Traditional models
such as ARIMA and GARCH often fail to capture nonlinear dependencies
and sentiment-driven dynamics present in modern financial
environments. The rise of deep learning and graph-based architectures
has enabled more effective modeling of temporal and relational patterns
in financial data. This paper presents a comprehensive review of
advanced artificial intelligence techniques, focusing on the integration of
Deformable Graph Convolutional Networks (DGCNs) with Natural
Language Processing (NLP)-based sentiment analysis. DGCNs extend
traditional graph neural networks by enabling adaptive graph structures
that dynamically model evolving inter-stock relationships and complex
market dependencies. Simultaneously, transformer-based NLP models
such as BERT and FinBERT extract sentiment signals from unstructured
data sources including social media, financial news, and analyst reports.
These sentiment features are fused with structured financial data to
create a multimodal predictive framework that captures both market
behavior and investor psychology. The review analyzes datasets,
methodologies, and evaluation metrics used across recent studies,
demonstrating improved predictive performance of hybrid models.
However, challenges such as noisy sentiment data, computational
complexity, and concept drift remain significant. This work provides
insights into current advancements and future directions for developing
robust and intelligent financial forecasting systems.
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Introduction

theories such as the Efficient Market Hypothesis

The global financial market is a highly complex
adaptive system characterized by nonlinear
dynamics, stochastic behavior, and continuous
interactions between quantitative indicators
and qualitative factors. Accurate stock price
forecasting remains a critical objective for
investors, fund managers, and policymakers due
to its direct implications for financial decision-
making and economic stability. Traditional

© 2025 The Authors. Published by MRI INDIA.

(EMH) argue that asset prices fully reflect
available  information,  thereby limiting
predictability. However, insights  from
behavioral finance and empirical anomalies
suggest that markets exhibit inefficiencies
driven by investor psychology, information
asymmetry, and herd behavior, opening avenues
for predictive modeling.
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The evolution of financial forecasting methods
has progressed from classical statistical
techniques to advanced machine learning and
deep learning models. Early approaches,
including ARIMA and exponential smoothing,
effectively captured linear patterns but failed to
address nonlinearities and structural changes in
financial time series. Machine learning models
such as Support Vector Machines and ensemble
methods improved predictive performance by
modeling complex relationships, yet they

required extensive feature engineering. The
emergence of deep learning architectures,

including Recurrent Neural Networks, Long
Short-Term Memory networks, and
Convolutional Neural Networks, enabled

automatic feature extraction and improved
temporal modeling. More recently, attention
mechanisms and transformer-based models
have enhanced the ability to capture long-range
dependencies and contextual relevance in
financial data.
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Figure 1: Simplified Framework of Deformable GCN with NLP-Based Social Sentiment for Stock Price
Prediction

In parallel, the rapid expansion of digital
communication platforms has significantly
enriched the information ecosystem of financial
markets. Social media, financial news, and
corporate disclosures generate vast amounts of
unstructured textual data reflecting investor
sentiment.  Behavioral finance research
highlights the strong influence of sentiment on
short-term market movements, making it a
valuable predictive signal. Advances in natural
language processing, particularly transformer-
based models such as BERT and its domain-
specific variants, have enabled more accurate
extraction of contextual sentiment from
financial text. These developments allow for the
integration of qualitative insights with
quantitative data, enhancing the overall
predictive capability of forecasting models.

Despite these advancements, many existing
models fail to account for the interconnected
nature of financial assets. Stocks are embedded
within dynamic networks influenced by sectoral

relationships, macroeconomic factors, and
shared investor behavior. Graph Neural
Networks (GNNs), particularly Graph

Convolutional Networks and their deformable
variants, address this limitation by modeling
relational dependencies and allowing adaptive
learning of evolving market structures. The
integration of sentiment-aware NLP features
with deformable graph-based architectures
offers a powerful multimodal framework for
stock prediction. This paper presents a
comprehensive review of such approaches,
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highlighting their potential, challenges, and
future directions in developing robust,
interpretable, and data-driven financial
forecasting systems.

Literature Review

The intersection of deep learning and financial
time-series prediction has been widely explored,
resulting in a diverse body of research spanning
multiple architectures and methodologies. Early
contributions such as Ding et al. (2015)
introduced event-driven frameworks that
leveraged natural language processing to extract
structured information from financial news and
map it into predictive representations,
demonstrating that semantic information
significantly enhances stock prediction beyond
price-only models. This direction was further
reinforced by Hu et al. (2018), who proposed
hierarchical attention mechanisms to capture
multi-level textual information from financial
news, enabling models to assign importance to
relevant sentences and documents. Similarly, Xu
and Cohen (2018) incorporated social media
sentiment through a variational autoencoder
framework, effectively modeling uncertainty in
noisy textual data and improving prediction

robustness.  These  studies collectively
established the importance of integrating
textual and sentiment-based features into

financial forecasting systems.

Parallel to NLP-driven approaches, sequence
modeling using recurrent neural networks
gained prominence. Fischer and Krauss (2018)
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demonstrated the effectiveness of LSTM
networks in capturing temporal dependencies in
stock price data, outperforming traditional
machine learning methods such as random
forests and logistic regression. Kim and Won
(2018) extended this approach by integrating
technical indicators with LSTM models,
highlighting the value of domain-specific feature
engineering in improving prediction accuracy.
Attention-based models further enhanced
sequence learning capabilities, as shown by
Chen et al. (2019) and Yang et al. (2020), who
introduced mechanisms to identify the most
relevant features and time steps for prediction.
Temporal convolutional approaches, such as
those proposed by Deng et al. (2019), offered an
alternative by capturing long-range
dependencies with reduced computational cost
compared to recurrent models. Together, these
studies demonstrated the importance of
temporal modeling and feature selection in
financial prediction tasks.

Graph-based learning emerged as a powerful
paradigm for capturing relational dependencies
among financial entities. Feng et al. (2019)
introduced temporal relational ranking methods
that emphasized relative stock performance,
while Sawhney et al. (2020) and Cheng et al.
(2021) demonstrated the benefits of graph
convolutional networks in modeling inter-stock
relationships.  Adaptive  graph  learning
techniques, such as those proposed by Wu et al.
(2021) and Liu et al. (2022), further improved
performance by dynamically updating graph
structures based on evolving market conditions.
Knowledge graph integration, as explored by
Wang et al. (2020), enriched stock
representations with semantic relationships,
while multimodal graph frameworks, such as
Zhao et al. (2021), combined sentiment and
price data within unified graph structures.
These approaches consistently showed that
incorporating relational information
significantly enhances prediction accuracy
compared to independent time-series models.
Advancements in transformer-based
architectures and multimodal learning have
further expanded the capabilities of financial
prediction models. Li et al. (2020) and Araci

Comparative Table and Analysis
Table 1: Advanced

(2019) demonstrated the effectiveness of
domain-specific language models such as
FinBERT in extracting contextual sentiment
from financial text, significantly outperforming
traditional methods. Transformer-based
temporal models, such as those proposed by
Yang et al. (2020), captured hierarchical
dependencies in financial data, while cross-
modal learning frameworks introduced by
Zhang et al. (2022) aligned textual and
numerical representations for improved
generalization. Additionally, emerging
approaches such as deformable graph
convolution (Qin et al, 2022) and self-
supervised graph learning (Li et al, 2023)
addressed challenges related to dynamic
relationships and limited labeled data. The
integration of large language models, as
explored by Pan et al. (2023), further enhanced

feature representation by providing
semantically rich summaries of financial
information.

Recent studies have also explored specialized
architectures and practical considerations in
financial prediction. Capsule networks (Singh
and Srivastava, 2021) and multi-scale graph
models (Ma et al, 2023) demonstrated the
importance of capturing hierarchical and
temporal variations in financial data. Emotion-
aware sentiment models (Gao et al, 2023)
extended traditional sentiment analysis by
incorporating fine-grained emotional features,
improving predictive performance.
Reinforcement learning and portfolio
optimization frameworks, such as DELAFO (Cao
et al, 2021), highlighted the integration of
prediction and decision-making processes.
Privacy-preserving  approaches, including
federated learning (Zhou et al., 2023), addressed
data-sharing constraints in financial systems,
enabling collaborative model development
without compromising confidentiality. Overall,
the literature reflects a clear shift toward
multimodal, graph-based, and adaptive learning
systems that combine textual, numerical, and
relational information to address the complexity
of modern financial markets while maintaining
scalability, robustness, and practical
applicability.

Deep Learning, Graph Neural Networks, and NLP-Based Financial Prediction

Techniques
Study Year | Optimization Component | Platform or | Dataset Key
Technique /| / Model | System Used Contribution
Method Used
Dingetal. | 2015 | Neural tensor | NTN + | GPU cluster S&P 500, | Event-driven
network + event | dependency Reuters, NLP-based
tuples parsing Bloomberg | prediction
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Fischer 2018 | Dropout- LSTM + | Python, S&P 500 LSTM
and regularized logistic TensorFlow outperforms
Krauss training regression classical ML
Hu et al. 2018 | Hierarchical RNN + multi- | PyTorch Bloomberg, | Multi-
attention level Reuters granularity
attention news encoding
Kim and | 2018 | Feature fusion LSTM + | Keras Korean Domain-
Won technical stock knowledge
indicators exchange integration
Xu and | 2018 | Variational VAE + LSTM TensorFlow StockTwits, Uncertainty-
Cohen sentiment NASDAQ aware
fusion prediction
Sawhney | 2020 | Temporal graph | GCN + LSTM | PyTorch NYSE, Graph-based
etal. attention NASDAQ volatility
prediction
Fengetal. | 2019 | Ranking loss | RNN TensorFlow | Chinese Relative return
optimization market ranking
Chenetal. | 2019 | Dual-stage DA-RNN Keras Multi-stock | Input +
attention data temporal
attention
Liet al. 2020 | Fine-tuned BERT + | HuggingFace | News + | Context-aware
BERT prediction social media | sentiment
head
Araci 2019 | Domain- FinBERT HuggingFace | Reuters, Financial NLP
adaptive earnings model
training
Cheng et | 2021 | Multi-view Dual-graph PyTorch S&P 500 Graph fusion
al. graph learning GCN Geometric modeling
Deng et | 2019 | Dilated TCN + | TensorFlow | Global Efficient
al. convolution  + | attention markets temporal
attention modeling
Wu et al. 2021 | Adaptive graph | GCN + GRU PyTorch Portfolio Learned
learning data adjacency
structure
Wang et | 2020 | Knowledge KGE + MLP PyTorch NYSE, KG-enhanced
al. graph fusion NASDAQ prediction
Yang etal. | 2020 | Hierarchical Transformer | PyTorch High- Multi-scale
transformer frequency temporal
data modeling
Zhaoetal. | 2021 | Heterogeneous HGT PyTorch Multi- News-stock
graph Geometric market graph
transformer modeling
Qin et al. 2022 | Deformable DGCN + RNN | CUDA, Global Adaptive
graph PyTorch equities relational
convolution modeling
Zhang et | 2022 | Contrastive Encoder  + | PyTorch Global Cross-modal
al. learning GNN equities alignment
Liu et al. 2022 | Dynamic graph | GNN + | PyTorch CSI300 Time-evolving
learning attention Geometric graph
Sounetal. | 2022 | Social sentiment | FiInBERT  + | PyTorch Reddit + | Retail
integration GNN equities sentiment
modeling
Kaur and | 2023 | Sentiment- BiLSTM + | TensorFlow NASDAQ + | Sentiment-
Singh weighted GAT Twitter aware
attention prediction
Caoetal. | 2021 | Joint GCN + | PyTorch Large-cap Prediction +
optimization portfolio equities allocation
head
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Singh and | 2021 | Capsule routing | CapsNet Keras Indian Feature
Srivastava market hierarchy
modeling
Raoetal. | 2021 | Cross-attention | FInBERT  + | HuggingFace | Earnings Earnings
fusion Transformer transcripts prediction
Ma et al. 2023 | Multi-scale Multi- PyTorch Crypto Multi-temporal
aggregation resolution markets modeling
GNN
Gaoetal. | 2023 | Emotion Emotion PyTorch Chinese Fine-grained
classification model + GNN social media | sentiment
Liet al. 2023 | Contrastive GNN + SSL PyTorch Market Few-shot
pretraining Geometric history learning
Panetal. | 2023 | LLM integration | GPT-4 + GCN | OpenAl API Market LLM-enhanced
indices graph features
Zhou et al. | 2023 | Federated Federated PySyft Multi- Privacy-
learning GNN institution preserving
modeling
Comparative Analysis real-world applicability, scalability, and data
An analysis of the comparative literature privacy.

highlights a clear evolution in artificial
intelligence  techniques for stock price
prediction, marked by a transition from

unimodal sequential models to more advanced
multimodal and graph-based approaches. Early
research  primarily emphasized temporal
modeling using architectures such as LSTM to
capture sequential dependencies in financial
time series. However, as the field progressed,
researchers began incorporating relational
structures and external information sources,
recognizing that stock markets operate as
interconnected systems rather than isolated
entities. This led to the increasing adoption of
Graph Neural Networks (GNNs), which model
inter-stock relationships and enable more
context-aware predictions. The integration of
graph-based learning reflects a broader shift
toward capturing complex dependencies and
market-wide dynamics, improving  the
robustness and realism of predictive models.

Simultaneously, significant advancements have
been observed in the integration of natural
language processing techniques for sentiment
analysis. The field has moved from traditional
lexicon-based and bag-of-words methods to
more sophisticated transformer-based models
capable of understanding contextual nuances in
financial text. Models such as FinBERT have
become widely used for extracting sentiment
from news, reports, and social media, enhancing
prediction accuracy. Additionally, the adoption
of modern computational frameworks like
PyTorch and GPU-based platforms has
facilitated the development of scalable models.
Researchers are also increasingly utilizing
diverse datasets across global markets and
exploring cloud and federated learning
approaches, reflecting a growing emphasis on
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Discussion
The comprehensive review of artificial
intelligence  techniques for stock price

prediction reveals a rapidly evolving research
landscape marked by increasing methodological
sophistication and the integration of diverse
data sources. A key advancement is the
convergence of deformable graph convolutional
networks with NLP-based sentiment analysis,
which combines the structural learning
capability of graph neural networks with the
contextual understanding of transformer-based
language models. This integration addresses
major limitations of earlier approaches,
particularly the inability of sequential models to
capture inter-stock dependencies and the
exclusion of behavioral finance factors in price-
only models. By incorporating both relational
structures and sentiment-driven insights,
modern frameworks provide a more holistic
representation of financial market dynamics,
improving  predictive  performance and
adaptability.

Empirical findings across
consistently highlight the effectiveness of
sentiment-augmented models. The wuse of
transformer-based models such as FinBERT for
extracting sentiment from financial news, social
media platforms, and earnings call transcripts
has demonstrated measurable improvements
over traditional approaches. However, the
degree of improvement varies depending on
factors such as data quality, market coverage,
and prediction horizon. Similarly, graph-based
models outperform independent time-series
methods by capturing complex relationships
among stocks. Deformable graph convolution
mechanisms further enhance this capability by

the literature
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dynamically adapting to evolving market
conditions, making them particularly useful
during periods of volatility, structural shifts, and
economic uncertainty.

Despite these advancements, several challenges
remain. Issues such as concept drift, data noise,
and limited model interpretability continue to
hinder practical deployment. Social media data
often contains irrelevant or misleading
information, while improper data alignment can
introduce biases in prediction. Additionally, the
generalization of models across different
markets remains uncertain. Future research is
expected to focus on integrating large language
models for richer feature extraction and
developing privacy-preserving, scalable learning
frameworks. These directions will be crucial for
building robust, transparent, and real-world
applicable financial forecasting systems.

Conclusion

This paper presented a comprehensive review
of artificial intelligence techniques for stock
price prediction, emphasizing the integration of
deformable graph convolutional networks with
NLP-based sentiment analysis. The analysis
demonstrates a clear evolution from traditional
time-series models toward sophisticated
multimodal frameworks capable of capturing
temporal, relational, and behavioral aspects of
financial markets. By combining numerical
market data with sentiment extracted from
textual sources, modern approaches provide a
more holistic understanding of price dynamics.
The findings consistently highlight that
incorporating heterogeneous data sources
significantly enhances predictive performance,
while graph-based models effectively capture
inter-stock dependencies that are often
overlooked in independent forecasting methods.
Furthermore, the importance of domain-specific
language models, such as FinBERT, and the need
for proper temporal alignment and bias control
are identified as critical factors influencing
model reliability and validity.

Despite notable progress, several challenges
continue to limit the practical deployment of
these techniques. Issues such as concept drift,
data noise, model interpretability, and cross-
market generalization remain insufficiently
addressed in existing studies. Additionally, the
dynamic and adversarial nature of financial
markets imposes inherent constraints on
prediction accuracy, requiring models to be
adaptive and robust under changing conditions.
Future research should focus on developing
scalable graph architectures, integrating
advanced large language models for deeper
financial reasoning, and establishing realistic
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evaluation frameworks that consider
transaction costs and market conditions. Ethical
considerations, including transparency, fairness,
and the risk of market manipulation, must also
be incorporated into system design. Overall, the
convergence of graph-based learning and
sentiment analysis represents a promising
direction for advancing financial forecasting,
offering both improved predictive capabilities
and deeper insights into market behavior.
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