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Introductions
Financial market prediction remains a fundamental challenge in quantitative finance, where traditional linear models often fail to capture the complex, non-linear dynamics inherent in asset price movements. Echo State Networks (ESNs), a specialized form of reservoir computing, offer a compelling alternative by maintaining a fixed recurrent neural reservoir that transforms sequential inputs into high-dimensional feature spaces while requiring only output weight training. This computational efficiency, combined with their proven capability in chaotic time series prediction, makes ESNs particularly suitable for financial applications where rapid adaptation to regime changes is crucial. In this study, we propose an integrated framework that combines ESNs with Genetic Algorithm (GA) optimization to simultaneously tune technical analysis (TA) indicators and reservoir hyperparameters, addressing the critical challenge of feature engineering and model configuration in a unified approach.

Methods
We collected daily OHLCV data for 100 constituents of the S&P 100 index spanning 2012-2024, partitioned into training (2012-2020) and testing (2021-2024) periods. Six fundamental TA indicators—RSI, MACD, SMA crossover, EMA crossover, ROC, and Stochastic Oscillator—were computed with parameters optimized individually for each ticker through GA evolution. The optimization process employed a multi-objective fitness function balancing cumulative returns, maximum drawdown, and signal quality metrics, incorporating realistic transaction costs of 0.1% per trade. The ESN architecture utilized a 1,000-unit sparse reservoir with GA-optimized spectral radius and sparsity parameters, trained using ridge regression for binary classification of next-day price movements. Walk-forward validation with 100-day retraining windows assessed the model's adaptive capabilities under evolving market conditions.

Results
The proposed GA-ESN framework demonstrated superior adaptive capabilities across diverse market conditions. The walk-forward implementation consistently outperformed static model configurations, showcasing the framework's ability to dynamically adjust to changing market regimes. The integrated optimization approach successfully identified regime-specific indicator combinations, with momentum-based signals dominating during trending periods and oscillator-based indicators activating during consolidation phases. The reservoir computing architecture effectively captured complex temporal dependencies that traditional TA approaches typically miss, enabling more nuanced market state recognition. Particularly noteworthy was the model's resilience during market transitions, where the ESN's echo state properties facilitated smooth adaptation without catastrophic forgetting. The framework's computational efficiency allowed for rapid retraining cycles, making it viable for real-time trading applications where timely adaptation is critical.

Discussions
This research establishes a novel paradigm for adaptive financial modeling through the synergistic combination of reservoir computing and evolutionary optimization. The framework's primary innovation lies in its unified approach to feature and model optimization, departing from traditional sequential optimization pipelines. The ESN's inherent advantages—computational efficiency through closed-form training, rich dynamical representations without gradient-based learning, and natural handling of temporal dependencies—position it as an ideal architecture for financial time series prediction. The GA-driven optimization ensures that both feature selection and reservoir configuration remain aligned with prevailing market dynamics, creating a self-adaptive system that evolves with changing market conditions. Furthermore, the framework's modular design facilitates seamless integration of additional data sources and alternative optimization objectives. The success of walk-forward validation particularly highlights the practical applicability of this approach in production trading systems where continuous adaptation is paramount. Future extensions could explore multi-asset portfolio optimization, incorporation of alternative data streams, and development of hierarchical reservoir architectures for capturing multi-scale market dynamics. This work thus provides a robust foundation for next-generation adaptive trading systems that balance computational efficiency with predictive sophistication.
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