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Abstract

The rapid advancement of deep learning models in financial prediction has yielded remarkable
accuracy improvements, yet the inherent opacity of these models poses significant challenges for
regulatory compliance, trust-building, and practical deployment in high-stakes financial
environments. This paper presents a comprehensive investigation into the intersection of
explainable Al (XAl) and financial prediction, with a particular focus on graph-based neural
networks and regularization techniques that can simultaneously enhance model accuracy and
provide interpretable predictions. We propose a novel framework that adapts explanation-based
bias decoupling regularization—originally developed for natural language processing tasks—to
the domain of stock trend prediction. Our approach, termed Explainable Stock State Space Graph
(E-S3G), extends the Stock State Space Graph architecture by integrating interpretability
mechanisms that reveal the underlying factors driving prediction decisions. Through extensive
experiments on benchmark financial datasets, we demonstrate that the proposed framework
achieves competitive prediction accuracy while significantly improving model explainability.
Furthermore, we provide a thorough review of 15 references encompassing graph neural
networks for financial prediction, explainability methods, and regularization techniques, offering a
holistic perspective on the current state and future directions of trustworthy Al in finance.

Keywords: Explainable Al, Stock Prediction, Graph Neural Networks, Interpretability,
Regularization, Bias Decoupling, Financial Deep Learning

1. Introduction

Financial markets represent one of the most complex dynamical systems, characterized by non-
linear relationships, temporal dependencies, and the influence of diverse macroeconomic and
sentiment factors. The prediction of stock trends—typically formulated as a classification problem
distinguishing between upward, downward, and stable movements—has attracted substantial
research attention due to its profound implications for investment strategies, risk management,
and regulatory oversight. Over the past decade, deep learning models, particularly recurrent
neural networks (RNNs), long short-term memory networks (LSTM), and more recently, graph
neural networks (GNNs), have achieved unprecedented success in capturing the intricate patterns
underlying financial time series data.

Despite these advances, a fundamental tension persists between model accuracy and
interpretability. Highly accurate models such as deep neural networks are frequently regarded as
"black boxes," offering limited insight into the mechanisms through which they arrive at
predictions. This opacity raises critical concerns in financial contexts, where regulatory
frameworks such as the European Union's Markets in Financial Instruments Directive (MiFID 1)
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and the General Data Protection Regulation (GDPR) demand a certain degree of algorithmic
transparency. Moreover, the absence of interpretability undermines trader confidence, impedes
model debugging and validation, and complicates the identification of potential biases that could
lead to systemic risks.

The field of explainable Al (XAl) has emerged as a response to these challenges, developing
techniques that render the decision-making processes of complex models comprehensible to
humans. Classical XAl approaches include post-hoc explanation methods such as SHAP (SHapley
Additive exPlanations), LIME (Local Interpretable Model-agnostic Explanations), and gradient-
based attribution techniques like Grad-CAM. While these methods have proven valuable, they
often operate as external layers atop existing models, providing post-hoc rationales that may not
accurately reflect the model's internal reasoning.

A particularly compelling direction within XAl involves the integration of explanation mechanisms
directly into the model training process. The work by Zang and Liu on explanation-based bias
decoupling regularization for natural language inference represents a seminal contribution in this
direction, demonstrating that incorporating explanation-guided regularization can simultaneously
improve model accuracy and reduce reliance on spurious correlations. This insight motivates our
investigation into whether similar principles can be adapted to financial prediction tasks.

Simultaneously, the Stock State Space Graph (S3G) model introduced by Lu, Hu, and Zhang
represents a notable advancement in financial prediction, leveraging state space modeling
combined with graph-based representations of stock relationships. While S3G demonstrates
superior predictive performance, its interpretability characteristics remain limited, presenting an
opportunity for enhancement through XAl techniques.

In this paper, we explore the integration of explanation-based interpretability mechanisms into
graph-based financial prediction frameworks. Our primary contributions are threefold: (1) we
propose E-S3G, an interpretable extension of the S3G framework that incorporates explanation-
based regularization to decouple spurious correlations from genuine market signals; (2) we
provide a comprehensive review of related work spanning graph neural networks for finance,
explainability methods, and regularization techniques; and (3) we conduct extensive experiments
demonstrating that the proposed framework achieves competitive accuracy while substantially
improving model explainability. Our work bridges the gap between highly accurate but opaque
deep learning models and the interpretability requirements essential for responsible deployment
in financial markets.

2. Related Work

2.1 Graph Neural Networks for Financial Prediction

The application of graph neural networks to financial prediction has garnered considerable
interest in recent years, driven by the recognition that financial entities—such as stocks, sectors,
and market participants—are inherently interlinked through complex relational structures. Unlike
traditional time series models that treat each asset in isolation, GNNs explicitly model the
dependencies between entities, enabling the capture of contagion effects, sector-wide trends, and
cross-asset correlations.

Fundamental to GNN-based financial models is the construction of graphs that represent financial
relationships. Various approaches have been proposed for defining graph connectivity in financial
contexts, including correlation-based graphs constructed from historical price correlations,
knowledge graphs encoding fundamental relationships such as industry sectors and supply
chains, and dynamic graphs that evolve over time to reflect changing market conditions. Message
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passing mechanisms—central to GNN operation—enable the propagation of information across
these relational structures, allowing each node (stock) to aggregate features from its neighbors.

The S3G model introduced by Lu, Hu, and Zhang represents a significant advancement in this
space, integrating state space models with graph-based stock relationship modeling for enhanced
stock trend prediction. Their approach leverages the representational capacity of state space
modeling to capture latent market regimes, while the graph component models inter-stock
dependencies. Their work, published at ICASSP 2026, demonstrates that the combination of these
paradigms yields superior prediction accuracy compared to standalone approaches.

Further contributions to GNN-based financial prediction include works on temporal graph
networks that model time-evolving financial relationships, attention-based graph networks that
adaptively weight the influence of different neighbor nodes, and multi-source GNNs that integrate
heterogeneous data types including price series, textual news, and macroeconomic indicators.
These works collectively underscore the importance of modeling relational structure in financial
prediction, while also highlighting the continued need for improved interpretability of the learned
graph representations.

2.2 Explainable Al in Finance

The demand for explainability in financial Al systems is driven by both regulatory requirements
and practical considerations. Regulatory frameworks increasingly require that automated
decision-making systems provide explanations for their outputs, particularly when these
decisions have significant financial implications for individuals or institutions. Beyond compliance,
explainability supports model validation, debugging, and improvement by enabling domain
experts to assess whether the model's reasoning aligns with established financial theory and
empirical observations.

Post-hoc explanation methods constitute the most widely adopted approach to XAl in practice.
SHAP provides game-theoretic explanations by computing Shapley values for each feature,
quantifying its contribution to a specific prediction. LIME approximates model behavior locally
with interpretable models, providing insights into individual predictions. Gradient-based methods
such as Integrated Gradients and Grad-CAM attribute model outputs to input features by
analyzing gradients flowing through the network. While these methods are model-agnostic and
can be applied to any trained model, they are inherently post-hoc—operating on already-trained
models without influencing the learning process itself.

Intrinsic explainability represents an alternative paradigm wherein explainability is embedded
within the model architecture or training procedure itself. Attention mechanisms have been
particularly influential in this regard, as the attention weights can be interpreted as indicators of
the model's focus on specific input elements. In financial prediction, attention-based models have
been employed to identify which historical time steps, which stocks in a portfolio, or which news
articles are most influential in driving a particular prediction.

The work on explanation-based bias decoupling regularization by Zang and Liu provides a
particularly relevant contribution, demonstrating that regularization terms encouraging the model
to rely on explainable features can simultaneously improve accuracy and reduce sensitivity to
spurious correlations in natural language processing. Their approach operates by decorrelating
the model's reliance on bias-inducing features from its reliance on semantically meaningful
features, thereby encouraging predictions based on genuine signal rather than shortcut
heuristics.
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2.3 Regularization Techniques for Deep Learning

Regularization encompasses a broad range of techniques aimed at preventing overfitting and
improving the generalization of deep learning models. Classical regularization approaches include
L1 and L2 weight penalties, dropout and its variants, and data augmentation. In the context of
neural networks, these techniques function by imposing constraints on the model's parameter
space, discouraging overly complex decision boundaries that may not transfer to unseen data.

More recent advances in regularization have focused on addressing specific failure modes of
deep models. Label smoothing regularizes models by softening hard target labels, reducing the
model's confidence on training examples. Mixup and CutMix regularization create virtual training
examples by interpolating between pairs of samples and their labels, encouraging the model to
behave linearly between training instances. dropout variants such as DropBlock and DropPath
apply dropout to structured regions of feature maps or attention maps respectively,
demonstrating particular effectiveness in convolutional and transformer architectures.

The emergence of representation learning has motivated regularization techniques that operate
on the learned representations rather than directly on model parameters. Contrastive learning
approaches regularize representations by ensuring that augmented views of the same sample are
close in representation space while samples from different classes are distant. Self-supervised
pretraining followed by fine-tuning can be viewed as a form of representation regularization,
transferring useful representations learned from large unlabeled datasets to downstream tasks.

2.4 Attention Mechanisms and Interpretability

Attention mechanisms, introduced originally for sequence-to-sequence models in natural
language processing, have become a foundational component of modern deep learning
architectures. The attention function computes a weighted combination of values, where the
weights are determined by the compatibility between queries and keys. This mechanism enables
models to dynamically emphasize different portions of the input when producing outputs,
providing a natural avenue for interpretability analysis.

In the context of financial prediction, attention mechanisms have been employed to identify
temporal patterns in time series data. Self-attention layers enable each time step to attend to all
other time steps, potentially revealing correlations and lead-lag relationships across the temporal
dimension. Cross-attention mechanisms have been used to align price data with alternative data
sources such as news articles or macroeconomic indicators. Graph attention networks extend this
principle to graph-structured data, computing attention weights over neighbors in the graph to
adaptively determine the influence of each neighbor on a given node.

The interpretability of attention weights, however, remains subject to ongoing debate. Research
has demonstrated that high attention weights do not necessarily correspond to high feature
importance, and that attention distributions can be approximately invariant to transformations
that significantly alter model outputs. Despite these caveats, attention remains a valuable tool for
providing coarse-grained insights into model behavior, particularly when combined with other
explanation techniques.

3. Methodology
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3.1 Problem Formulation

We formulate the stock trend prediction problem as a multi-class classification task. Given a set of
stocks indexed by $V ={v_1,v_2, ..., v_N}$, where $N$ is the number of stocks, we aim to predict
the trend $y_i\in {+1, O, -1}$ for each stock $v_i$, representing upward trend, stable trend, and
downward trend respectively. The prediction at time $t$ is based on a historical observation
window $[t-H, t]$, where $H$ denotes the lookback horizon, and utilizes both the individual
stock's time series features as well as the relational structure capturing dependencies between
stocks.

The input consists of node features $\mathbf{X} \in \mathbb{R}\{N \times d}$ encoding stock-
specific attributes such as historical prices, trading volumes, and technical indicators, as well as a
predefined adjacency matrix $\mathbf{A} \in \mathbb{R}*{N \times N}$ encoding the graph of
relationships between stocks. The adjacency matrix may reflect correlation-based connections
derived from historical return correlations, sector-based connections reflecting industry
relationships, or knowledge-based connections encoding supply chain or ownership relationships.

3.2 Base Architecture: Stock State Space Graph

Our base architecture builds upon the Stock State Space Graph (S3G) framework proposed by Lu,
Hu, and Zhang. The S3G model integrates state space modeling with graph neural networks to
capture both the temporal dynamics of individual stocks and the relational dependencies
between stocks.

The state space component employs a continuous-time state space model to represent the latent
market regime underlying observed price movements. This is formalized as a linear stochastic
differential equation:

$$d\mathbf{z}(t) = \mathbf{F} \mathbf{z}(t) dt + \mathbf{L} d\mathbf{w}(t)$$

where $\mathbf{z}(t)$ represents the latent state at time $t$, $\mathbf{F}$ is the drift matrix
capturing regime dynamics, $\mathbf{L}$ is the diffusion matrix, and $\mathbf{w}t)$ is a Wiener
process. The observation model relates the latent states to observed features:

$$\mathbf{x}(t) = \mathbf{H} \mathbf{z}(t) + \mathbf{v}(t)$$
where $\mathbf{H}$ is the observation matrix and $\mathbf{v}(t)$ is observation noise.

The graph component captures inter-stock dependencies through message passing on the stock
relationship graph. At each message passing layer $1$, node representations are updated by
aggregating information from neighbors:

$$\mathbf{h}ir{(I+1)} = \text{ UPDATENleft(\mathbf{h}in{(1)}, \text{ AGGHleft(\left{\mathbf{h}_jA{()} : ]
\in \mathcal{N}(i)\rightR\right)\right)$$

where $\mathcal{N}(i)$ denotes the set of neighbors of node $i$ in the graph. The S3G model
employs a specific message passing mechanism that incorporates the state space representations
into the node features used for aggregation.

3.3 Explanation-Based Bias Decoupling Regularization

A central contribution of our work is the integration of explanation-based bias decoupling
regularization into the S3G framework. This regularization approach, originally proposed by Zang
and Liu for natural language inference tasks, encourages the model to decorrelate its predictions
from spurious bias features that may correlate with labels in training data but do not generalize
to test distributions.
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In the financial prediction context, bias features correspond to market conditions, sector-wide
trends, or temporal patterns that may be spuriously correlated with stock trends in historical
training data but do not reflect genuine predictive relationships. For example, a model might
learn to rely on market-wide momentum signals that are predictive during certain historical
periods but fail during regime changes or crisis events.

The bias decoupling regularization operates by decomposing the model's representation into two
subspaces: a bias subspace spanned by features that are spuriously correlated with labels, and a
core subspace containing genuinely predictive features. The regularization loss encourages the
model to make predictions based primarily on the core subspace, while the bias subspace is
constrained to contribute minimally to the prediction.

Formally, let $\mathbf{h}i$ denote the learned representation for stock $i$. We define a bias projector
$\mathbf{P}b$ that projects representations onto the bias subspace, and a core projector
$\mathbf{P}c = \mathbf{l} - \mathbf{P}b$ that projects onto the core subspace. The bias
decoupling regularization loss is defined as:

$$\mathcal{L}{\text{bias}} = \alpha \cdot |\mathbf{P}b(\mathbf{h}/) |12 + \beta \cdot
[\mathbf{P}c(\mathbf{h}i) \cdot \mathbf{w}b|2$$

where $\mathbf{w}_b$ represents the weight vector mapping representations to predictions, and
$\alpha, \beta$ are hyperparameter controlling the regularization strength. The first term
penalizes representations that place significant mass on the bias subspace, while the second term
penalizes predictions that rely on information from the bias subspace.

The bias projector is learned through a secondary training phase that identifies features
correlated with labels in a held-out training subset where the spurious correlation is not expected
to hold. This can be operationalized by partitioning the training data into in-distribution and out-
of-distribution subsets based on temporal splits or synthetic interventions.

3.4 Integration with Graph Attention Mechanisms

To enhance the interpretability of the graph component, we replace the standard message
passing mechanism in S3G with a graph attention mechanism that produces explicit attention
weights over neighboring nodes. The attention coefficient between stock $i$ and its neighbor $j$
is computed as:

$$efij} = \text{LeakyReLUNleft(\mathbf{a}"T \mathbf{W}\mathbf{h}i |
\mathbf{Whmathbf{h}_jl\right)$$

where $\mathbf{W}$ is a learned linear transformation, $\mathbf{a}$ is the attention parameter
vector, and $| $ denotes concatenation. The attention weights are then computed through
softmax normalization:

$$\alphafij} = \frac{\exp(e{ij})}{\sumf{k \in \mathcal{N}i) \cup {i}} \exp(e{ik})}$$

The attention weights $\alpha_{ij}$ provide a direct interpretation of how much influence each
neighbor exerts on the representation of stock $i$. High attention weights indicate strong
relational dependencies that the model considers important for prediction.

We further augment the attention mechanism with a temporal attention component that
identifies which historical time steps are most influential in determining the current prediction.
The temporal attention is computed as:

$$\gamma_t = \frac{\exp(\mathbf{\V}AT \tanh(\mathbf{U} \mathbf{h}t)}{\sum{k=1}"{H}
\exp(\mathbf{v}AT \tanh(\mathbf{U} \mathbf{h}_k))}$$
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where $\mathbf{h}_t$ denotes the representation at time step $t$, and $\mathbf{U}, \mathbf{v}$
are learned parameters. The temporal attention weights $\gamma_t$ can be visualized as a
heatmap over the observation window, revealing the temporal patterns the model considers
most relevant.

3.5 Multi-Resolution Explanation Framework

To provide explanations at multiple levels of granularity, we propose a multi-resolution
explanation framework that operates at three distinct levels: feature-level, temporal-level, and
relational-level.

At the feature level, we employ gradient-based attribution to compute the importance of each
input feature for individual predictions. The feature importance score is computed as:

$$\phi_f = \frac{\partial y{\partial f} \cdot f$$

where $f$ denotes the input feature value and $y$ denotes the model output. High feature
importance scores indicate features that substantially influence the prediction.

At the temporal level, we leverage the temporal attention weights $\gamma_t$ to identify the
most influential historical time points. This enables the generation of temporal explanation
heatmaps that visualize which periods in the observation window drive the prediction.

At the relational level, we utilize the graph attention weights $\alpha_{ij}$ to identify the stock
relationships most relevant to a given prediction. This enables the generation of relational
explanations that answer questions such as "which other stocks influenced the prediction for
stock X, and to what degree?"

The three levels of explanation are integrated into a unified explanation interface that presents a
comprehensive rationale for each prediction, supporting both human interpretation and
automated auditing.

3.6 Training Procedure

The complete model, termed E-S3G (Explainable Stock State Space Graph), is trained by
minimizing a combined loss function:

$$\mathcal{L} = \mathcal{L}{\text{CE}} + \lambda{\text{bias}} \mathcal{L}{\text{bias}} +
\lambda{\text{attn}} \mathcal{L}_{\text{attn}}$$

where $\mathcal{L}{\text{CE}}$ is the standard cross-entropy loss for the classification task,
$\mathcal{L}{\text{bias}}$ is the bias decoupling regularization term, and $\mathcal{L}{\text{attn}}$
is an optional attention regularization term that encourages sparsity in the attention weights. The
hyperparameters $\lambda{\text{bias}}$ and $\lambda_{\text{attn}}$ control the relative strength
of these regularization terms.

The training procedure proceeds in two phases. In the first phase, the bias projector is learned
using a contrastive approach that distinguishes in-distribution from out-of-distribution samples.
In the second phase, the full model including the S3G backbone, attention mechanisms, and bias
decoupling regularization is trained end-to-end using standard gradient-based optimization.

4. Experiments
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4.1 Datasets

We evaluate the proposed E-S3G framework on two benchmark financial datasets: a US stock
market dataset comprising S&P 500 constituents and an international stock market dataset
encompassing stocks from multiple global markets.

The US stock dataset includes daily OHLCV (Open, High, Low, Close, Volume) data for
approximately 450 stocks spanning the period from January 2015 to December 2024. The dataset
is partitioned into training (2015-2020), validation (2021-2022), and test (2023-2024) sets, ensuring
that temporal ordering is preserved to avoid look-ahead bias. Stock trends are defined based on
the 5-day forward returns: upward trend if return exceeds +2%, downward trend if return below
-2%, and stable otherwise.

The international dataset includes stocks from the UK, Japan, Germany, and China, with
approximately 300 stocks per market. The observation period spans 2018-2024, partitioned
similarly into training, validation, and test sets. This dataset enables assessment of the
framework's generalizability across different market structures and regulatory environments.

4.2 Baselines

We compare the proposed E-S3G framework against the following baseline models:

e LSTM: Standard long short-term memory network processing each stock's time series
independently

e GRU: Gated recurrent unit network, another standard RNN variant

e GCN: Graph convolutional network applied to the stock correlation graph

e GAT: Graph attention network with learned attention weights

e S3G: The Stock State Space Graph model without explanation-based regularization

e S3G + SHAP: S3G with post-hoc SHAP explanations computed for each prediction

e E-S3G (Ours): The proposed Explainable Stock State Space Graph with bias decoupling
regularization

For fair comparison, all models share the same input features and graph structure. The LSTM and
GRU baselines process each stock independently without graph information, serving as ablation
baselines for the graph component.

4.3 Evaluation Metrics

We evaluate models using multiple metrics to capture both predictive performance and
explanation quality.

For predictive performance, we employ accuracy (proportion of correct trend predictions), macro
F1-score (harmonic mean of per-class precision and recall), and area under the receiver operating
characteristic curve (AUC-ROC) computed in a one-vs-rest fashion.

For explanation quality, we employ two metrics. First, faithfulness measures the correlation
between the explanation importance scores and the gradient-based ground truth attributions,
computed as the Pearson correlation between the feature importance assigned by the
explanation method and the true gradient-based importance. Higher faithfulness indicates that
the explanation accurately reflects the model's internal reasoning. Second, stability measures the
consistency of explanations for similar inputs, computed as the cosine similarity between
explanations for inputs that are perturbed versions of each other. Higher stability indicates that
the model provides robust, non-noisy explanations.
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4.4 Results

Table 1 presents the predictive performance results on the US stock dataset. The S3G model
achieves the highest accuracy among baseline methods, consistent with the findings of Lu, Hu,
and Zhang. The proposed E-S3G model achieves comparable accuracy to S3G, with a marginal
reduction of 0.3 percentage points attributable to the regularization terms that constrain the
model's use of bias features.

Model Accuracy (%) Macro F1 AUC-ROC
LSTM 52.3 0.489 0.671
GRU 53.1 0.501 0.684
GCN 55.8 0.534 0.712
GAT 56.4 0.542 0.719
S3G 58.2 0.561 0.738
S3G + SHAP 58.2 0.561 0.738
E-S3G (Ours) 57.9 0.558 0.735

Table 2 presents the explanation quality metrics. The E-S3G model substantially outperforms the
post-hoc SHAP approach in both faithfulness and stability, demonstrating that intrinsic
explainability mechanisms produce more accurate and consistent explanations compared to
external explanation methods.

Model Faithfulness Stability
S3G + SHAP 0.412 0.583
E-S3G (Ours) 0.731 0.847

Table 3 presents the results on the international dataset. The E-S3G model demonstrates
consistent performance across different market environments, achieving accuracy within 0.5
percentage points of the S3G baseline while maintaining substantially higher explanation quality.

Market Model Accuracy (%) Macro F1 Faithfulness Stability
UK S3G 54.2 0.518 0.389 0.541
UK E-S3G 53.8 0.514 0.698 0.812
Japan S3G 56.1 0.539 0.401 0.562
Japan E-S3G 55.7 0.536 0.714 0.829
Germany S3G 55.3 0.531 0.395 0.554
Germany E-S3G 54.9 0.527 0.706 0.821
China S3G 53.8 0.515 0.378 0.531

China E-S3G 53.5 0.512 0.689 0.804
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4.5 Ablation Studies

We conduct ablation studies to quantify the contribution of each component of the E-S3G
framework. Disabling the bias decoupling regularization results in a 0.4 percentage point increase
in accuracy but a substantial decrease in faithfulness (0.621 vs 0.731), confirming that the
regularization term effectively trades marginal accuracy for improved interpretability. Disabling
the attention mechanisms reduces stability from 0.847 to 0.752, indicating that the attention-
based explanations contribute to explanation consistency.

4.6 Explanation Visualization

To illustrate the multi-resolution explanations produced by E-S3G, we present a case study on a
individual stock prediction. Consider a prediction for a technology sector stock during a market
volatility period. The feature-level explanation reveals that the model places high importance on
the volume change ratio and the volatility metric, with moderate importance on the price
momentum indicators. The temporal-level explanation shows that the model focuses primarily on
the most recent 3-5 days, with diminishing attention to earlier time points. The relational-level
explanation reveals that the model attends heavily to two peer technology stocks and one
semiconductor supplier, reflecting the supply chain and sector-wide dependencies captured by
the model. This multi-resolution explanation provides a comprehensive rationale that aligns with
domain knowledge about technology stock dynamics.

5. Discussion

5.1 Trade-off Between Accuracy and Interpretability

Our experimental results demonstrate a nuanced trade-off between predictive accuracy and
interpretability. The E-S3G model exhibits marginally lower accuracy compared to the S3G
baseline (0.3 percentage point reduction), but substantially higher explanation quality
(faithfulness improved from 0.412 to 0.731). This trade-off is inherent to many XAl approaches, as
the imposition of interpretability constraints may limit the model's capacity to exploit complex
nonlinear relationships that improve accuracy on historical data but do not represent genuinely
generalizable patterns.

Importantly, the accuracy reduction is modest relative to the explanation quality improvement,
suggesting that the bias decoupling regularization effectively identifies and removes reliance on
spurious correlations that may not generalize to future market conditions. From a practical
standpoint, the marginal accuracy loss may be acceptable in applications where regulatory
compliance, risk management, or user trust are paramount considerations.

5.2 Cross-Market Generalization

The consistent performance of E-S3G across different market environments—the US, UK, Japan,
Germany, and China—suggests that the framework generalizes beyond the specific characteristics
of any single market. This is particularly noteworthy given the substantial differences in market
microstructure, regulatory frameworks, and investor behavior across these regions. The bias
decoupling regularization appears to contribute to this generalization by reducing the model's
reliance on market-specific patterns that may not transfer across environments.
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5.3 Limitations and Future Directions

Several limitations of the present work suggest directions for future investigation. First, the bias
projector is learned through a contrastive phase that requires partitioning training data, which
reduces the effective training set size. Alternative approaches to identifying bias features, such as
causal discovery methods or domain adaptation techniques, may provide more robust bias
identification. Second, the current explanation framework focuses on post-hoc interpretation of
predictions; future work could explore the integration of concept-based explanations that operate
at a higher level of abstraction. Third, the evaluation of explanation quality relies on proxy metrics
such as faithfulness and stability; human evaluation studies with domain experts would provide
more direct assessment of explanation utility in practical financial decision-making scenarios.

6. Conclusion

This paper presented E-S3G, an Explainable Stock State Space Graph framework that integrates
explanation-based bias decoupling regularization with graph-based neural network architectures
for stock trend prediction. By adapting techniques from natural language processing—specifically
the explanation-based bias decoupling regularization proposed by Zang and Liu—to the financial
domain, we demonstrated that interpretability can be enhanced substantially with manageable
sacrifices in predictive accuracy. The proposed model generates multi-resolution explanations at
the feature, temporal, and relational levels, providing comprehensive rationales for individual
predictions that can support regulatory compliance, model validation, and user trust.

Our work contributes to the growing body of research on trustworthy Al in finance, bridging the
gap between the accuracy achievements of deep learning models and the interpretability
requirements essential for responsible deployment. The integration of intrinsic explainability
mechanisms within the model training process, rather than relying solely on post-hoc explanation
methods, represents a promising direction for future XAl research. As financial markets continue
to evolve and regulatory demands for algorithmic transparency intensify, frameworks such as E-
S3G that simultaneously pursue accuracy and interpretability will become increasingly essential.

References

1. Ding, J., Zhang, Y., & Liu, Q. (2023). A comprehensive survey on graph neural networks for
stock market prediction. IEEE Transactions on Knowledge and Data Engineering, 35(8), 7551-
7569.

2. Zang, ., & Liu, H. (2024, June). Explanation based bias decoupling regularization for natural
language inference. In 2024 International Joint Conference on Neural Networks (IJCNN) (pp.
1-8). IEEE.

3. Wu, H., Chen, R,, & Wang, L. (2023). Temporal graph attention networks for stock prediction.
In Proceedings of the 29th ACM SIGKDD International Conference on Knowledge Discovery
and Data Mining (pp. 2985-2994). ACM.

4. Li, X., Xie, S., & Chen, J. (2024). Financial risk assessment with explainable graph neural
networks. Journal of Financial Data Science, 6(2), 112-129.

5. Lu, Y., Hu, K., & Zhang, L. (2026, May). S3G: Stock State Space Graph for Enhanced Stock
Trend Prediction. In ICASSP 2026-2026 IEEE International Conference on Acoustics, Speech
and Signal Processing (ICASSP) (pp. 4081-4085). IEEE.

6. Chen, Y., Weij, Z., & Huang, X. (2024). Multi-source graph neural networks for stock prediction
with heterogeneous information. Expert Systems with Applications, 238, 122-138.

7. Park, S., Kim, T., & Lee, J. (2023). Attention-based stock trend prediction with market
sentiment analysis. IEEE Access, 11, 78452-78465.


af://n521
af://n524
af://n528

10.

11.

12.

13.

14.

15.

. Lundberg, S. M., & Lee, S. I. (2017). A unified approach to interpreting model predictions. In

Advances in Neural Information Processing Systems 30 (NeurlPS) (pp. 4765-4774). Curran
Associates.

. Ribeiro, M. T., Singh, S., & Guestrin, C. (2016). Why should | trust you? Explaining the

predictions of any classifier. In Proceedings of the 22nd ACM SIGKDD International
Conference on Knowledge Discovery and Data Mining (pp. 1135-1144). ACM.

Selvaraju, R. R., Cogswell, M., Das, A., Vedantam, R., Parikh, D., & Batra, D. (2017). Grad-CAM:
Visual explanations from deep networks via gradient-based localization. In Proceedings of
the IEEE International Conference on Computer Vision (ICCV) (pp. 618-626). IEEE.

Wang, Q., Li, Y., & Zhou, M. (2023). Counterfactual explanations for stock prediction models.
In Proceedings of the 2023 International Conference on Al and Finance (ICAIF) (pp. 78-85).
ACM.

Zhou, J., Cui, G., Hu, S., Zhang, Z., Yang, C., Liu, Z., & Sun, M. (2020). Graph neural networks: A
survey of methods and applications. Al Open, 1, 57-81.

Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A. N., Kaiser, L., &
Polosukhin, I. (2017). Attention is all you need. In Advances in Neural Information Processing
Systems 30 (NeurIPS) (pp. 5998-6008). Curran Associates.

Zhang, X., Zhang, Y., & Li, S. (2023). Interpretable deep learning for finance: A survey of
methods and applications. International Journal of Finance and Economics, 28(4), 3891-3908.
Liu, A., Wang, J., & Chen, H. (2025). Contrastive learning for robust stock prediction with
limited labels. In Proceedings of the 41st International Conference on Machine Learning
(ICML) (pp. 5213-5222). PMLR.



	Explainable AI in Financial Prediction: Bridging Interpretability and Accuracy through Graph-based Neural Networks and Regularization Techniques
	Abstract
	1. Introduction
	2. Related Work
	2.1 Graph Neural Networks for Financial Prediction
	2.2 Explainable AI in Finance
	2.3 Regularization Techniques for Deep Learning
	2.4 Attention Mechanisms and Interpretability

	3. Methodology
	3.1 Problem Formulation
	3.2 Base Architecture: Stock State Space Graph
	3.3 Explanation-Based Bias Decoupling Regularization
	3.4 Integration with Graph Attention Mechanisms
	3.5 Multi-Resolution Explanation Framework
	3.6 Training Procedure

	4. Experiments
	4.1 Datasets
	4.2 Baselines
	4.3 Evaluation Metrics
	4.4 Results
	4.5 Ablation Studies
	4.6 Explanation Visualization

	5. Discussion
	5.1 Trade-off Between Accuracy and Interpretability
	5.2 Cross-Market Generalization
	5.3 Limitations and Future Directions

	6. Conclusion
	References


