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Abstract: This study presents a novel approach to financial decision-making by integrating 

biomechanical principles with neural network architectures. The research establishes a 

framework that models market dynamics using mechanical analogies, incorporating concepts 

such as market elasticity, stress-strain relationships, and dynamic equilibrium. A bio-inspired 

neural network architecture is developed to process market indicators and generate trading 

decisions, combining mechanical parameters with Machine Learning capabilities. The model 

was validated using market data from 2018–2023, with out-of-sample testing conducted during 

2022–2023. Key findings demonstrate significant improvements over traditional approaches: 

The bio-inspired framework achieved a 73.2% overall decision accuracy rate, surpassing 

benchmark models by 6.8%. Performance was notably strong during low volatility periods 

(77.9% accuracy) and showed particular effectiveness in identifying stable market conditions 

requiring hold decisions (75.9% accuracy). Risk-adjusted returns analysis revealed a Sharpe 

ratio of 1.18, compared to 0.68 for traditional models and 0.57 for the S&P 500. The framework 

demonstrated superior downside protection with a maximum drawdown of −14.3% versus -

18.9% for conventional approaches. Annual returns of 15.8% were achieved while maintaining 

lower volatility (12.4%) compared to traditional models (14.7%). Response time analysis 

showed a 46.2% improvement in reaction to sharp market movements, with an average 

response time of 4.2 min to significant price drops compared to 7.8 min for traditional models. 

The system demonstrated robust error recovery capabilities, with a 92.4% success rate in 

correcting false signals within 2.8 min. These results indicate that integrating biomechanical 

principles with neural networks provides a more robust and adaptive framework for financial 

decision-making, offering improved accuracy, risk management, and response capabilities 

compared to conventional approaches. The framework’s success suggests promising 

applications in automated trading systems and portfolio management. 

Keywords: biomechanical modeling; neural networks; dynamic equilibrium; false signals; 

financial decision-making; market dynamics; risk management; trading systems 

1. Introduction 

The intersection of biomechanical principles and financial Decision-Making 

Process (DMP) represents a novel frontier in quantitative finance, offering fresh 

perspectives on market dynamics and portfolio management [1,2]. This paper 

introduces an innovative framework that leverages biomechanical analogies and bio-

inspired computational methods to model and analyze financial market behavior, 

particularly emphasizing DMP in dynamic market environments. Traditional financial 

modeling approaches, while sophisticated, often struggle to capture the full 

complexity of market dynamics, particularly during periods of high volatility or rapid 

change [3–6]. These conventional methods typically rely on linear assumptions and 

static models that may not adequately reflect modern financial markets’ dynamic, 
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interconnected nature [7–9]. The limitations become especially apparent in market 

stress scenarios where traditional models fail to capture non-linear responses [10]. 

Furthermore, during rapid market transitions, conventional analysis lacks the adaptive 

capabilities necessary for effective DMP [11]. This inadequacy is compounded in 

complex market interactions where simple correlation models prove insufficient, 

particularly in high-frequency trading environments requiring real-time DMP. 

The emergence of bio-inspired frameworks in complex systems analysis has 

opened new avenues for understanding and modeling financial markets [12]. By 

drawing parallels between mechanical systems in nature and financial market 

dynamics, this work can leverage well-established principles from biomechanics to 

develop more robust and adaptive financial models. This approach offers a natural 

framework for understanding market forces, stress responses, and adaptive behaviors 

that characterize modern financial systems. This study aims to develop and validate a 

novel approach to financial DMP by integrating biomechanical principles with neural 

network architectures. 

The specific objectives are: 

1) Theoretical Framework Development 

• Establish clear analogies between biomechanical systems and financial 

markets. 

• Define mathematical relationships between mechanical principles and 

market behavior. 

• Create a unified framework for analyzing market forces through a 

biomechanical lens. 

2) Model Implementation 

• Design a bio-inspired neural network architecture for financial DMP. 

• Integrate mechanical parameters with Machine Learning (ML) algorithms. 

• Develop adaptive mechanisms for real-time market response. 

3) Empirical Validation 

• Test the framework’s predictive accuracy across various market conditions. 

• Compare performance against traditional financial models. 

• Assess the model’s adaptability to market stress scenarios. 

This research contributes significantly to both theoretical understanding and 

practical applications in financial management. From a theoretical perspective, the 

study introduces a novel paradigm for understanding market dynamics through 

biomechanical principles, establishing a robust foundation for analyzing complex 

market behaviors. Integrating physical systems modeling with financial DMP 

represents a significant advancement in quantitative finance methodology. The 

practical implications of this research extend beyond theoretical innovation. The 

framework provides enhanced risk assessment and management capabilities in 

dynamic market environments. By incorporating biomechanical principles, the model 

offers improved adaptability to market changes and better recognition of systemic 

risks. This approach enables more sophisticated portfolio management strategies that 

respond effectively to varying market conditions while maintaining robust risk 

controls. 

Furthermore, the bio-inspired DMP provides new possibilities for automated 
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trading systems and portfolio optimization. Integrating biomechanical principles with 

neural network architectures creates a more nuanced understanding of market 

dynamics, potentially leading to more efficient and resilient investment strategies. 

This advancement is particularly relevant in today’s increasingly complex and 

interconnected global financial markets. The methodology developed in this study also 

has broader implications for the field of financial technology, potentially influencing 

the design of future trading systems and risk management platforms. By demonstrating 

the effectiveness of bio-inspired approaches in financial decision-making, this 

research opens new avenues for innovation in quantitative finance and portfolio 

management. 

The rest of the paper is structured as follows: Section 2 presents the theoretical 

discussions, Section 3 presents the methodology, Section 4 discusses the results, and 

Section 5 concludes the paper 

2. Theoretical framework 

2.1. Biomechanical analogies in finance 

2.1.1. Market Forces as Mechanical Forces 

Financial markets exhibit a dynamic interplay similar to mechanical systems, 

where forces impact structures and initiate responses. In financial contexts, market 

forces—such as supply, demand, and momentum—can be likened to mechanical 

forces acting on materials or structures, exerting pressure, and instigating directional 

shifts. 

a) Supply-Demand Dynamics: In biomechanics, forces acting on a structure led to 

changes in position, shape, or tension [13]. Similarly, supply and demand forces 

drive price movements in finance, creating a dynamic balance that adjusts to 

external and internal pressures. The equilibrium price—the point where supply 

meets demand—acts analogously to a stable position in a biomechanical system 

[14]. Fluctuations in supply or demand cause “displacement” from this 

equilibrium, comparable to a structure under varying loads. For instance, an 

increase in demand exerts an upward force on price, driving it away from 

equilibrium until counteracted by a rise in supply or a drop in demand. This 

continuous adjustment reflects the principles of force equilibrium in mechanical 

systems. 

b) Price Elasticity Correlations: In mechanics, elasticity describes a material’s 

ability to return to its original shape after deformation under stress [15]. Financial 

markets exhibit an analogous property in price elasticity, which measures 

responsiveness to changes in supply and demand. The elasticity of demand, 𝐸𝑑, 

for example, is calculated as: 

𝐸𝑑 =
Δ𝑄

𝑄
÷

Δ𝑃

𝑃
=

Δ𝑄 × 𝑃

𝑄 × Δ𝑃
 (1) 

where 𝑄 is quantity, and 𝑃 is price. In highly elastic markets, minor shifts in supply or 

demand induce significant price adjustments, similar to a flexible material that 

deforms easily under force. Conversely, inelastic markets are more resistant to change 

than a rigid structure that maintains shape despite external pressures. The parallels 
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between material and price elasticity provide a framework for analyzing market 

sensitivity and stability. 

c) Momentum Patterns: Momentum in biomechanics, expressed as 𝑝 = 𝑚 ⋅ 𝑣 

(where 𝑚 is mass and 𝑣 is velocity), represents the product of mass and velocity, 

signifying the force required to alter a system’s state [16]. Financial markets show 

a comparable momentum, where the strength and direction of price movement 

depend on cumulative trading volume and the rate of price change. In trending 

markets, momentum builds similarly to a moving mass, requiring substantial 

counter-forces to alter direction. This can be represented by a moving average or 

a rate-of-change indicator, reflecting the momentum built over time. As 

biomechanical systems require energy to redirect momentum, financial markets 

demand considerable liquidity or opposing trades to shift established trends. 

2.1.2. Structural response models 

In biomechanics, structural response models depict how materials or structures 

withstand external forces, absorb stress, and adapt to maintain stability. Similarly, 

financial portfolios are designed to absorb market risks, rebalance dynamically, and 

sustain their integrity under various market conditions. 

a) Portfolio Resilience: Resilience in biomechanics refers to a structure’s ability to 

absorb energy and return to its original state post-deformation [17]. In financial 

portfolios, resilience signifies the capacity to absorb market shocks without a 

substantial loss of value. This quality can be quantitatively modeled using Value-

at-Risk (VaR) or stress testing frameworks, which estimate the potential loss 

under adverse conditions. Just as resilient materials dissipate energy to avoid 

structural failure, resilient portfolios are diversified and buffered, designed to 

mitigate the impact of market volatility. Mathematically, portfolio resilience can 

be represented by minimizing risk measures such as: 

min𝜎𝑝 = √∑  

𝑛

𝑖=1

 ∑  

𝑛

𝑗=1

 𝑤𝑖𝑤𝑗𝜎𝑖𝑗 (2) 

where 𝜎𝑝  is portfolio risk, 𝑤𝑖  and 𝑤𝑗  are asset weights and 𝜎𝑖𝑗  is the covariance 

between assets 𝑖 and 𝑗. 

b) Risk Absorption Mechanisms: Biomechanical systems often feature damping 

mechanisms to reduce the effects of external forces and maintain stability [18]. 

Risk absorption parallels these mechanisms in finance, enabling portfolios to 

withstand market shocks. Techniques such as hedging and asset diversification 

function like dampers, dispersing potential losses across various assets or 

instruments to avoid concentration risks. For instance, options contracts may 

serve as hedges to limit losses in volatile environments, just as dampers limit the 

amplitude of vibrations in mechanical systems. The risk absorption mechanism 

is a buffer, maintaining portfolio stability amid fluctuating market conditions. 

c) Adaptive Rebalancing: Adaptive rebalancing is akin to biomechanical systems’ 

ability to adjust to varying forces, maintaining equilibrium and alignment. In 

financial management, adaptive rebalancing involves regularly adjusting asset 

allocations to retain target risk levels or strategic objectives [19,20]. This process 
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resembles a feedback loop in biomechanics, where structures constantly realign 

to preserve stability under changing conditions. A typical rebalancing strategy 

may involve recalculating the portfolio’s target weights and adjusting holdings 

based on market shifts, with mathematical formulations like: 

Δ𝑤𝑖 = 𝑤𝑖
target

− 𝑤𝑖
current (3) 

where 𝑤𝑖
target

 is the target weight of asset 𝑖 and 𝑤𝑖
current is the current weight. Adaptive 

rebalancing ensures that the portfolio remains structurally sound, resilient to external 

shocks, and aligned with its financial objectives, akin to a biomechanical system that 

dynamically adjusts to maintain stability. 

2.2. Dynamic equilibrium model 

The Dynamic Equilibrium Model in financial management parallels 

biomechanical systems, where equilibrium is achieved through the continuous 

interaction of components, each responding to external forces and internal 

adjustments [21–24]. This model conceptualizes the financial ecosystem as a 

dynamic, interlinked structure with individual participants, resource flows, and 

decision nodes contributing to an adaptive, stable market state. 

2.2.1. System components 

a) Market Participants: In the financial market, participants—including investors, 

institutions, and regulatory bodies—act similarly to elements within a 

biomechanical system that exert force and respond to stresses. These participants 

have unique roles and interact to create forces that impact market prices, liquidity, 

and overall stability. Each participant’s behavior, driven by goals such as profit 

maximization or risk management, can be modeled as exerting a specific type of 

force on the financial system. This interaction contributes to establishing 

equilibrium, much like individual muscles and bones maintain biomechanical 

balance in the human body. 

b) Resource Flows: Resource flows, such as capital, information, and liquidity, are 

akin to material flows in biomechanical systems. In finance, these flows are 

critical to maintaining market functionality, providing the necessary “energy” for 

transactions, and enabling participants to make informed decisions. The 

continuous movement of resources sustains the system’s health, similar to the 

circulation of fluids or nutrients in biological organisms. Mathematically, 

resource flows can be modeled with continuity equations to ensure that total 

inflows and outflows balance across the system. For instance, in financial terms: 

∑  Inflows = ∑  Outflows + ΔStock (4) 

It ensures that the system remains sustainable, reflecting the principle of mass 

conservation in biomechanical structures. 

c) Decision Nodes: Decision nodes represent the points at which choices are made 

regarding resource allocation, investment strategies, and risk adjustments. These 

nodes function similarly to control points in biomechanical systems, where nerve 

signals direct responses to stimuli. Each decision node processes incoming 
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information and produces output decisions, affecting subsequent actions and 

market conditions. In financial terms, decision nodes involve algorithms, risk 

assessments, and judgment calls that influence capital deployment and market 

behaviors. These nodes contribute to the dynamic equilibrium by providing 

continuous adjustments, ensuring market responses align with changing 

conditions. 

2.2.2. Interaction mechanisms 

a) Feedback Loops: Feedback loops in biomechanics help organisms adjust and 

stabilize their movements in response to external stimuli. In the financial market, 

feedback loops are critical in maintaining stability and fostering resilience [25–28]. 

For example, price signals act as feedback, influencing participants’ trading 

behaviors. A positive feedback loop can lead to trend-following behavior 

(amplifying market movement), while negative feedback helps stabilize prices by 

counteracting extreme fluctuations. Mathematically, feedback mechanisms in 

finance can be modeled using differential equations that regulate change rates: 

𝑑𝑃

𝑑𝑡
= 𝛼 × 𝐷 − 𝑆) (5) 

where 𝑃 is the price, 𝐷 is demand, 𝑆 is supply, and 𝛼 is the responsiveness coefficient. 

Such feedback enables the system to adjust dynamically, similar to homeostatic 

processes in biomechanics. 

b) Force Transmission: In a biomechanical system, forces are transmitted through 

interconnected structures, enabling coordinated movement. Similarly, economic 

shocks or policy changes in finance propagate through various market sectors, 

influencing prices, liquidity, and risk levels across the system. For example, an 

interest rate change transmits “force” through borrowing costs, impacting asset 

valuations and investment behaviors. Force transmission in financial systems can 

be modeled through network-based approaches, where nodes (representing 

entities or assets) interact according to established relationships, distributing the 

“force” of a change. These network interactions ensure market participants 

collectively respond, stabilizing the system by absorbing and dispersing external 

shocks. 

c) Energy Transfer: Energy transfer in biomechanics involves transforming and 

distributing energy to sustain activity and response to force. In finance, energy 

transfer is reflected in the movement of capital and the transformation of 

information into action. For instance, absorbing new information (energy input) 

drives DMP, affecting trading volumes and market volatility (energy output). 

Energy transfer efficiency in finance is key to market fluidity, ensuring resources 

are effectively allocated. This transfer can be represented by changes in 

transactional flows and volatility patterns, where the energy expended during 

high market activity is balanced by lower activity periods, akin to energy 

conservation in biological systems [29,30]. Quantitative models can illustrate this 

concept using volatility clustering patterns, where: 

Var (𝑅𝑡) = 𝜔 + 𝛼 × 𝜖𝑡−1
2 + 𝛽 × Var (𝑅𝑡−1) (6) 

in an ARCH (Autoregressive Conditional Heteroskedasticity) model. This 
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captures how “energy” (volatility) transfers over time, affecting the system’s 

equilibrium. 

3. Methodology 

3.1. Biomechanical model development 

Applying core mechanical principles to financial modeling offers a novel 

perspective on how market dynamics function analogously to physical systems. In this 

approach, principles like Hooke’s Law and the stress-strain relationship in mechanics 

are adapted to interpret market elasticity and price-pressure relationships [31–34]. This 

biomechanical analogy provides a framework to model financial forces and enables a 

structured way to analyze responses within market systems. 

3.1.1. Core mechanical principles application 

• Adaptation of Hooke’s Law for Market Elasticity: Hooke’s Law, a fundamental 

principle in mechanics, states that the force 𝐹 required to displace an object is 

proportional to the displacement 𝑥, expressed as: 

𝐹 = 𝑘 × x (7) 

where 𝑘 is the spring constant, representing the resistance or elasticity of the material 

when applied to financial markets, Hooke’s Law can be adapted to model the concept 

of market elasticity. Here, price movements are analogous to displacement, where 

significant price changes indicate a deviation from an equilibrium state. The “force” 

in this case is the pressure exerted by supply and demand, while the “spring constant” 

𝑘 represents market resistance, or how much the market can resist price changes in 

response to demand and supply pressures. 

In financial terms, a market with high elasticity (a low 𝑘 value) allows substantial 

price movement in response to small shifts in demand or supply, similar to a soft spring 

that stretches easily. Conversely, a market with low elasticity (a high 𝑘 value) is more 

resistant to price changes, acting like a stiff spring. We can represent price elasticity 

in this biomechanical form by expressing price movement 𝑃 as a function of demand 

and supply forces: 

Δ𝑃 =
𝐹

𝑘
=

𝐷 − 𝑆

𝑘
 (8) 

where 𝐷 and 𝑆 represent demand and supply forces, respectively. In high-elasticity 

markets, price movements will be more significant for a given change in demand or 

supply, while in low-elasticity markets, the same demand or supply shift will result in 

a minor price change. This adaptation provides a valuable model to evaluate market 

sensitivity and stability under changing economic conditions. 

• Stress-Strain Relationship for Market Pressure: In mechanics, the stress-strain 

relationship is crucial for understanding how materials respond to applied forces. 

Stress (𝜎) represents the internal force per unit area, while strain (𝜖) represents 

the deformation or shape resulting from the applied force. The relationship 

between stress and strain is typically linear for elastic materials and is given by: 
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𝜎 = 𝐸 × 𝜖 (9) 

where 𝐸 is the modulus of elasticity, a material property representing resistance to 

deformation. When mapped onto financial markets, this relationship provides insight 

into how markets respond to economic pressures. Here, market stress can be seen as 

price deviation from a historical or equilibrium value, reflecting the internal tension 

within the market due to external forces like economic shocks or policy changes. 

• Market Stress as Price Deviation: In this biomechanical analogy, market stress 𝜎 

can be represented by the deviation of the current price 𝑃 from an equilibrium 

price 𝑃0: 

𝜎 = 𝑃 − 𝑃0 (10) 

This deviation measures “stress” on the market, indicating how far the current 

price has moved from a stable reference point. A significant deviation suggests high 

stress, similar to a material under significant load. 

• Market Strain as Volume Response: Market strain 𝜖, conversely, represents the 

volume response to this price deviation, where high trading volumes reflect a 

strong reaction from market participants. We define market strain 𝜖 as the relative 

change in trading volume 𝑉 in response to the price stress: 

𝜖 =
Δ𝑉

𝑉0
 (11) 

where 𝑉0 is the baseline trading volume. In high-stress situations, a significant price 

deviation from equilibrium may lead to an increased volume response, indicating that 

the market is actively adapting to the stress. Despite substantial price deviation, the 

strain or volume response is limited in markets with low elasticity (high resistance). 

• Stress-Strain Relationship in Financial Markets: Using the adapted form of the 

stress-strain relationship, this model market conditions where stress (price 

deviation) correlates with strain (volume response): 

σ = 𝐸𝑚 × 𝜖 

where 𝐸𝑚  is a market-specific elasticity constant analogous to the modulus of 

elasticity in materials. This constant characterizes the market’s ability to absorb price 

changes without a disproportionate volume response. A high 𝐸𝑚 indicates a resilient 

market that experiences minimal volume fluctuation despite significant price 

movements, while a low 𝐸𝑚 suggests a more reactive market prone to high volume 

shifts when prices deviate. 

3.1.2. System parameters 

In modeling financial markets through biomechanical analogies, specific system 

parameters are essential to capture market elasticity, resilience, and response to 

fluctuations. Key parameters such as the market elasticity coefficient, damping ratio 

for price oscillations, and critical stress thresholds provide quantitative measures to 

assess market sensitivity, volatility management, and stability. 

• Market Elasticity Coefficient (𝐸): The market elasticity coefficient 𝐸 represents 

the market’s resistance to price changes and is analogous to the modulus of 

elasticity in biomechanical materials. This coefficient quantifies how responsive 
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the market is to shifts in demand or supply and is central to understanding price 

sensitivity. In mechanical terms, the modulus of elasticity determines how much 

a material deforms under stress; similarly, 𝐸 in financial markets measures the 

degree of price displacement per unit force from market participants. A high 𝐸 

value indicates a rigid market with low elasticity, meaning price changes are 

relatively muted even under substantial demand or supply pressures. Conversely, 

a low 𝐸 reflects a highly elastic market, where even minor fluctuations in demand 

or supply can lead to significant price movements. The relationship can be 

expressed mathematically as: 

Δ𝑃 =
1

𝐸
× 𝐹 (12) 

where Δ𝑃 is the price change, 𝐹 represents the net demand-supply force, and 𝐸 is the 

market elasticity coefficient. Adjusting 𝐸  allows for modeling various market 

scenarios, from stable, low-volatility conditions to more volatile environments where 

prices respond sharply to minor changes. 

• Damping Ratio (𝜁)  for Price Oscillations: In biomechanical systems, the 

damping ratio 𝜁 measures a system’s ability to reduce oscillations and achieve 

stability after a disturbance. In financial markets, the damping ratio similarly 

reflects how quickly price oscillations stabilize following a shock. A low 

damping ratio indicates an underdamped system where prices exhibit persistent 

oscillations, while a high damping ratio indicates an overdamped market with 

minimal oscillation and quick stabilization. 

Mathematically, price oscillations can be modeled as a second-order differential 

equation, where the damping ratio 𝜁  affects the amplitude and frequency of 

oscillations. For a system experiencing price fluctuations, the differential equation 

governing the price 𝑃(𝑡) over time 𝑡 can be written as: 

𝑑2𝑃

𝑑𝑡2
+ 2𝜁𝜔0

𝑑𝑃

𝑑𝑡
+ 𝜔0

2𝑃 = 0 (13) 

where 𝜔0  is the natural frequency of the system, and 𝜁  is the damping ratio. A 

critically damped market (where = 1 ) reaches stability without oscillations, while an 

underdamped market (where 𝜁 < 1 ) displays oscillatory behavior that can lead to 

high volatility as prices overshoot and correct repeatedly before stabilizing. The 

damping ratio is crucial for understanding market stability and managing volatility. 

By adjusting 𝜁, market analysts can model scenarios where price movements are either 

controlled and quickly reach equilibrium or oscillate excessively, contributing to 

higher market risk. 

• Critical Stress Thresholds: In biomechanics, critical stress thresholds determine 

the point at which a material fails or deforms irreversibly. Analogously, critical 

stress thresholds in financial markets represent the levels at which price 

deviations or market pressures become unsustainable, potentially leading to 

instability or market crashes. From Figure 1 the thresholds identify the maximum 

allowable “stress” (often in terms of price deviation or volatility) the market can 

absorb before corrective mechanisms or interventions are required to prevent 

adverse outcomes. Mathematically, the critical stress threshold 𝜎crit  can be 
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modeled as the maximum allowable deviation Δ𝑃crit  from an equilibrium price 

𝑃0: 

𝜎crit = 𝑃crit − 𝑃0 (14) 

where 𝑃crit is the critical price level beyond which the market enters a state of high 

instability or risk. For example, if prices deviate significantly from equilibrium due to 

excessive speculation or external shocks, this threshold would signal the need for 

intervention or rebalancing to prevent a systemic collapse. Monitoring stress 

thresholds helps identify tipping points, guiding regulatory measures, and risk 

management strategies. 

 

Figure 1. Neural network architecture. 

3.2. Bio-inspired DMP 

The bio-inspired DMP employs neural network architectures to simulate adaptive 

and intelligent DMP in financial markets. Drawing on neural networks—systems 

inspired by the human brain’s structure and function—this framework aims to model 

complex DMP dynamics, enabling automated responses to market changes. Key 

elements such as architecture design and training approach are essential in crafting a 

DMP that can efficiently interpret market signals and make informed Buy/Sell/Hold 

recommendations. 

3.2.1. Neural network implementation 

The neural network architecture is intentionally kept simple to balance predictive 

power with computational efficiency. This model includes a single hidden layer to 

minimize complexity, which makes it suitable for real-time or near-real-time DMP in 

volatile markets. 

• Input Layer: The input layer takes in 3–5 key indicators critical to market analysis: 

• Price (𝑃) represents the current or recent trend, capturing directional momentum. 
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• Volume (𝑉)  indicates trading activity, reflecting market interest or liquidity 

conditions. 

• Volatility (𝜎) captures price fluctuations, helping assess risk. 

These inputs are standardized or normalized, often using: 

𝑋𝑖 =
𝑋𝑖 − 𝜇

𝜎
 (15) 

where 𝑋𝑖  is each feature (price, volume, volatility), 𝜇  is the mean, and 𝜎  is the 

standard deviation. This normalization ensures uniform input scaling, preventing 

larger-scale features from dominating the model. 

The selected indicators serve as the “sensory inputs” of the neural network, 

analogous to neurons processing external stimuli in biological systems. 

• Single Hidden Layer: The neural network includes a single hidden layer, which 

reduces model complexity while still allowing the network to capture non-linear 

relationships among input indicators. This hidden layer consists of several nodes 

to streamline processing and avoid overfitting on minor market noise. This layer 

processes the input data and identifies underlying patterns using activation 

functions (e.g., ReLU or sigmoid). The single hidden layer contains 𝑛 nodes, 

where each node processes inputs using an activation function, commonly the 

ReLU (Rectified Linear Unit): 

𝑓(𝑥) = max(0, 𝑥) (16) 

Each hidden node computes a weighted sum of inputs, transforming it as follows: 

ℎ𝑗 = 𝑓 (∑  

𝑚

𝑖=1

 𝑤𝑖𝑗𝑋𝑖 + 𝑏𝑗) (17) 

where ℎ𝑗 is the output of node 𝑗, 𝑤𝑖𝑗 is the weight for input 𝑋𝑖, and 𝑏𝑗 is the bias term. 

This layer identifies non-linear relationships between indicators, which is essential in 

capturing market patterns. 

• Output Layer: The output layer provides a Buy/Sell/Hold decision, where: 

1) Buy signifies a recommendation to enter a position based on favorable 

indicators. 

2) Sell suggests exiting a position due to negative indicators. 

3) Hold represents a neutral stance when market conditions indicate neither a 

strong buy nor sell signal. 

The output layer provides a Buy, Sell, or Hold decision. Each output is calculated 

as follows: 

𝑦𝑘 = 𝑓 (∑  

𝑛

𝑗=1

 𝑣𝑗𝑘ℎ𝑗 + 𝑐𝑘) (18) 

where 𝑦𝑘 represents the score for each action (Buy, Sell, Hold), 𝑣𝑗𝑘 is the weight from 

hidden layer node 𝑗 to output 𝑘, and 𝑐𝑘 is the bias. The output is transformed using a 

softmax activation to yield probabilities for each decision: 
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𝑃(𝑦 = 𝑘 ∣ 𝑋) =
𝑒𝑦𝑘

∑  𝑗   𝑒𝑦𝑗
 (19) 

This output layer enables a probabilistic interpretation of Buy, Sell, or Hold, 

where the highest probability determines the final decision. 

3.2.2. Training approach 

To develop reliable DMP, the neural network undergoes a supervised learning 

process using historical market data. This approach involves feeding the model labeled 

datasets, where each input combination (e.g., price, volume, volatility) corresponds to 

a known outcome (Buy, Sell, or Hold). 

The training process consists of two main stages: 

• Supervised Learning on Historical Data: Historical data provides the neural 

network with numerous examples of past market conditions and their outcomes. 

During training, the network minimizes the error between its predictions and 

actual outcomes using backpropagation, which adjusts the weights of each 

neuron to improve decision accuracy. The loss function, often Mean Squared 

Error (MSE) or Cross-Entropy Loss (depending on output types), guides this 

process by quantifying prediction errors and optimizing weights. A sample cost 

function for the neural network could be: 

𝐿 =
1

𝑁
∑  

𝑁

𝑖=1

(𝑦𝑖 − 𝑦̂𝑖)2 (20) 

where 𝐿 is the loss, 𝑁 is the number of data points, 𝑦𝑖 is the actual outcome, and 𝑦̂𝑖 is 

the network’s predicted outcome. This ensures that the network fine-tunes its 

predictions based on historical patterns. 

• Validation on Recent Market Periods: To test its generalizability, the neural 

network is validated using recent market data, which it has not seen during 

training. This step prevents overfitting, ensuring the model remains robust in real-

world conditions. During validation, performance metrics such as accuracy, 

precision, recall, or F1-score are evaluated to assess how effectively the network 

identifies Buy, Sell, and Hold conditions. 

3.3. Model integration 

Integrating the biomechanical parameters with neural network-based DMP 

enhances the model’s ability to make informed, adaptive decisions by incorporating 

market dynamics and mechanical response analogies. This section details how 

mechanical parameters are coupled with neural inputs, how decision thresholds are 

calibrated, and how risk boundaries are established within the model for robust 

financial management. 

3.3.1. Coupling mechanical parameters with neural inputs 

The model integration process begins by coupling biomechanical parameters—

such as elasticity coefficients, damping ratios, and stress thresholds—with neural 

network inputs to enhance decision accuracy. These mechanical parameters 
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complement the neural network inputs (price, volume, volatility), which provide a 

framework for understanding market elasticity, resilience, and stability. 

For Instance: The market elasticity coefficient (𝐸)  from the biomechanical 

model can influence how price and volume data are interpreted by the neural network. 

If 𝐸 is high, indicating low elasticity, the model can weigh price inputs less heavily in 

DMP, as significant price changes may be less common or meaningful. 

Mathematically, the impact of 𝐸 on price could be represented by scaling: 

𝑋price
′ =

𝑋price

𝐸
 (21) 

where 𝑋price is the normalized price input, and 𝑋price
′  is the adjusted input for the neural 

network. 

The damping ratio (𝜁) provides insights into price stability, where a higher 𝜁 

suggests fewer oscillations. This information can be incorporated by adjusting the 

neural network’s sensitivity to volatility input. For markets with a high damping ratio, 

the neural network could reduce the weight of volatility as an input, reducing the 

response to price swings. Such a modification could be achieved by setting a volatility 

weight parameter 𝑤𝜎 based on: 

𝑤𝜎 = 𝑓(𝜁) (22) 

where 𝑓(𝜁) could be a function that inversely scales 𝑤𝜎 based on the damping ratio. 

The model dynamically interprets market conditions by integrating these 

mechanical parameters adjusting input weights and biases to enhance predictive 

performance. 

3.3.2. Decision threshold calibration 

Decision thresholds are calibrated based on historical data to optimize the neural 

network’s DMP accuracy, allowing the model to determine precise boundaries for Buy, 

Sell, and Hold actions. This calibration ensures that the model’s sensitivity aligns with 

market realities, where aggressive or conservative thresholds may be chosen 

depending on the volatility and elasticity of the market. 

The decision threshold for each action (Buy/Sell/Hold) is fine-tuned using cross-

validation. If the model’s output probability for a Buy decision exceeds a threshold 

(e.g., 0.7), the model triggers a Buy action. This threshold calibration can be expressed 

as: 

Decision = {

Buy if 𝑃(Buy) ≥ 𝜃buy

Sell if 𝑃(Sell) ≥ 𝜃sell

Hold otherwise 

 (23) 

where 𝜃buy  and 𝜃sell  represent the calibrated decision thresholds for Buy and Sell 

actions, respectively. These thresholds are optimized based on validation performance, 

balancing between missed opportunities (due to overly conservative thresholds) and 

potential losses (from overly aggressive thresholds). 

Thresholds may also be adapted dynamically based on real-time market 

conditions, using recent elasticity and damping measures. For instance, in a highly 

volatile market, thresholds for Buy and Sell may be raised to prevent reactive decisions, 



Molecular & Cellular Biomechanics 2024, 21(4), 703.  

14 

while in stable markets, these thresholds may be lowered to capture more minor 

fluctuations. 

3.3.3. Risk boundary implementation 

Implementing risk boundaries ensures that the model’s decisions fall within pre-

defined risk tolerances, reducing exposure to extreme volatility or significant price 

deviations. Risk boundaries act as constraints by incorporating critical stress 

thresholds from the biomechanical model, preventing the neural network from making 

decisions that exceed acceptable risk levels. 

• Stress Thresholds as Boundaries: The critical stress threshold 𝜎crit represents the 

maximum allowable deviation in price that the model considers tolerable. If the 

market’s price deviation exceeds 𝜎crit the model may be programmed to override 

typical Buy or Hold decisions and suggest a Sell to reduce exposure. For example: 

Decision =  Sell if |𝑃 − 𝑃0| ≥ 𝜎crit (24) 

where 𝑃  is the current price, and 𝑃0  is the equilibrium price. This risk boundary 

ensures that positions are liquidated when market stress reaches a potentially 

unsustainable level. 

• Volatility-Based Limits: Risk boundaries integrate market volatility by setting a 

volatility ceiling. When volatility exceeds a specified threshold 𝜎max the model’s 

decision-making may become more conservative, favoring Hold or Sell 

recommendations. This ceiling prevents DMP during high-risk periods, where 

price movements could result in significant losses. 

3.4. Validation process 

The validation process is essential to assess the accuracy, adaptability, and overall 

robustness of the bio-inspired DMP. The model’s effectiveness is gauged in a real-

world context through historical testing and performance metric evaluations, ensuring 

it provides accurate and timely decisions under diverse market conditions. This section 

describes the validation approach using historical data and key performance metrics. 

3.4.1. Historical testing (2018–2023) 

The historical testing period from 2018 to 2023 allows for a comprehensive 

analysis of the model’s performance under varying economic and market conditions. 

This period includes phases of high volatility and relative stability, making it ideal for 

evaluating the adaptability of the bio-inspired DMP. 

• Model Calibration (2018–2021): The initial calibration period from 2018 to 2021 

involves training the model on historical data to fine-tune decision thresholds, 

mechanical parameter interactions, and risk boundaries. During this phase, the 

model adjusts its response to various market indicators, refining its DMP (Buy, 

Sell, or Hold) based on actual market behaviors observed in those years. The 

model uses historical data to balance decision accuracy and risk management, 

integrating mechanical parameters like elasticity and damping ratios to respond 

appropriately to market signals. 

• Out-of-Sample Testing (2022–2023): Once calibrated, the model undergoes out-

of-sample testing with data from 2022 to 2023. This period is withheld during 

initial calibration, providing an unbiased testing ground to verify the model’s 
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ability to generalize beyond the training data. The out-of-sample testing assesses 

the model’s predictive power, stability, and accuracy when exposed to unseen 

data, which is crucial for understanding how it would perform in live trading 

environments. Performance in this period highlights the model’s adaptability to 

recent market trends, allowing further adjustments if needed. 

• Performance Comparison with Traditional Models: To assess the effectiveness 

of the bio-inspired framework, its performance is compared to traditional 

financial DMP, such as moving average crossover strategies, momentum-based 

models, or fundamental analysis-driven models. This comparison allows for a 

precise evaluation of whether the bio-inspired framework outperforms these 

established approaches regarding decision accuracy, return on investment, and 

risk management. The comparison helps identify any unique advantages the bio-

inspired approach offers over traditional methods. 

3.4.2. Performance metrics 

The model’s validation relies on specific performance metrics to quantify its 

effectiveness and responsiveness. These metrics provide insights into the model’s 

accuracy, risk management capabilities, and adaptability to market shifts. 

• Decision Accuracy Rate: The accuracy rate measures the percentage of correct 

Buy, Sell, or Hold decisions made by the model compared to actual market 

movements. It is calculated as: 

Accuracy Rate =
Correct Decisions

Total Decisions
× 100% (25) 

where correct decisions align with market outcomes (e.g., a Buy decision followed by 

a price increase), a high accuracy rate indicates the model’s reliability in predicting 

market trends and making profitable recommendations. Benchmark accuracy rates are 

also obtained from traditional models to provide context for the bio-inspired 

framework’s performance. 

• Risk-Adjusted Returns: Risk-adjusted returns measure the model’s profitability 

relative to the level of risk it takes on. Commonly used metrics such as the Sharpe 

Ratio or Sortino Ratio are calculated to gauge the model’s returns relative to 

market volatility. The Sharpe Ratio, for example, is defined as: 

Sharpe Ratio =
Average Return −  Risk-Free Rate

Standard Deviation of Return
 (26) 

A higher Sharpe Ratio indicates that the model generates better returns for a given 

level of risk, signifying effective risk management. Comparing the bio-inspired 

model’s risk-adjusted returns to those of traditional models reveals how well it 

balances profitability with risk. 

• Response Time to Market Changes: The model’s response time measures how 

quickly it adjusts to market changes, which is critical in fast-moving markets. 

This metric assesses the latency between a market shift (such as a sudden price 

drop or increase in volatility) and the model’s corresponding decision. Faster 

response times imply that the model can promptly adapt to new conditions, 

minimizing potential losses and capitalizing on emerging opportunities. This 
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metric is significant for validating the real-time applicability of the model, 

ensuring it is accurate and agile in live trading scenarios. 

4. Results 

4.1. Detection accuracy analysis 

The Detection Accuracy Analysis provides a detailed evaluation of the bio-

inspired DMP’s performance across different market conditions, decision types, and 

periods, highlighting improvements over benchmark models and identifying specific 

areas where errors occur. 

In Table 1 and Figure 2, the bio-inspired model significantly improves 

benchmark accuracy rates for each decision type. The Buy accuracy rate is 72.5%, 

exceeding the benchmark by 7.2%, indicating a strong capacity to capture profitable 

buy signals. Similarly, the Sell decision accuracy is 69.1%, outperforming the 

benchmark by 7.3%, showcasing the model’s effective risk management during 

market downturns. Hold decisions achieve the highest accuracy at 75.9%, 5.7% above 

the benchmark, which helps avoid unnecessary trades during stable market phases. 

The aggregate accuracy rate of 73.2% reflects a 6.8% improvement over the 

benchmark, confirming that the model provides reliable predictions across diverse 

scenarios. 

Table 1. Overall decision accuracy rates (2022–2023). 

Decision type Total signals Correct decisions Accuracy rate (%) Benchmark accuracy (%) Improvement (%) 

Buy 342 248 72.5 65.3 +7.2 

Sell 285 197 69.1 61.8 +7.3 

Hold 528 401 75.9 70.2 +5.7 

Aggregate 1155 846 73.2 66.4 +6.8 

 

Figure 2. Overall decision accuracy. 
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Table 2 and Figure 3 reveal how decision accuracy varies under different market 

conditions, demonstrating the model’s adaptability. In low volatility environments, the 

model’s accuracy peaks at 78.3% for Buy, 73.5% for Sell, and 82.1% for Hold, 

reflecting stability-enhanced performance. Conversely, in high volatility conditions, 

accuracy drops to 65.8% for Buy, 64.2% for Sell, and 69.4% for Hold, suggesting that 

extreme market fluctuations pose challenges to DMP accuracy. During bullish trends, 

the Buy decision accuracy reaches 81.2%, while Sell accuracy is lower at 61.8%, 

indicating trend-following behavior. In bearish markets, sell decisions achieve the 

highest accuracy at 76.7%, showing the model’s capacity to adapt and protect against 

losses during downturns. 

Table 2. Decision accuracy by market condition (2022–2023). 

Market condition Buy (%) Sell (%) Hold (%) Sample size (n) 

Low volatility 78.3 73.5 82.1 412 

High volatility 65.8 64.2 69.4 386 

Bullish trend 81.2 61.8 77.3 198 

Bearish trend 62.4 76.7 73.5 159 

 

Figure 3. Decision accuracy by market condition. 

Table 3 shows steady improvement in accuracy across quarters, suggesting the 

model’s learning and adaptation over time. In Q1 2022, the accuracy rates for Buy, 

Sell, and Hold decisions are 69.8%, 67.3%, and 73.2%, respectively. These rates 

improve quarter-over-quarter, reaching 74.4% for Buy, 70.2% for Sell, and 77.5% for 

Hold by Q2 2023. This progression aligns with a decrease in the Market Volatility 

Index over time, indicating that the model becomes more consistent as the market 

stabilizes. 
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Table 3. Quarterly decision accuracy progression. 

Quarter Buy (%) Sell (%) Hold (%) Market volatility index 

Q1 2022 69.8 67.3 73.2 24.6 

Q2 2022 71.2 68.9 74.8 22.3 

Q3 2022 73.5 70.1 76.4 19.8 

Q4 2022 74.1 69.8 77.1 21.4 

Q1 2023 73.8 69.5 76.8 20.9 

Q2 2023 74.4 70.2 77.5 18.7 

Table 4 and Figure 4 provide an analysis of error types, shedding light on areas 

where the model’s decisions deviate from actual market movements. False Positive 

errors are most common in Sell decisions at 17.2%, indicating occasional over-

caution. False Negative rates for Sell decisions are 13.7%, suggesting missed selling 

opportunities. Timing Errors, where signals are either too early or too late, are 

particularly relevant in Buy and Sell decisions, with early signals accounting for 

18.9% of Buy and 16.8% of Sell errors, highlighting a tendency to anticipate market 

movements prematurely. 

 

Figure 4. Quarterly decision accuracy progression. 

Table 4. Error analysis of incorrect decisions. 

Error type Buy (%) Sell (%) Hold (%) 

False positive 15.8 17.2 12.4 

False negative 11.7 13.7 11.7 

Timing error (early signal) 18.9 16.8 N/A 

Timing error (late signal) 15.3 14.9 N/A 

4.2. Risk-adjusted returns 

The Risk-Adjusted Returns Analysis evaluates the bio-inspired model’s 
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performance in generating returns while managing risk, particularly in comparison to 

traditional models and benchmarks like the S&P 500. This section analyzes metrics 

such as Sharpe and Sortino Ratios, maximum drawdown, and trade performance, 

showcasing the bio-inspired model’s effectiveness in achieving higher returns with 

lower volatility and better risk management. 

As shown in Table 5 and Figure 5, the bio-inspired model delivers a robust 

annual return of 15.8%, surpassing the traditional model’s return of 11.2% and the 

S&P 500’s 9.8%, marking a 6.0% improvement over the benchmark. The model also 

exhibits a lower standard deviation at 12.4%, indicating less return variability than 

traditional models (14.7%) and the S&P 500 (15.2%). The Sharpe Ratio of 1.18 for 

the bio-inspired model significantly outperforms the traditional model (0.68) and the 

S&P 500 (0.57), reflecting higher risk-adjusted returns. With a Sortino Ratio of 1.42, 

the bio-inspired model effectively manages downside risk, outperforming traditional 

models by 0.71. Additionally, its maximum drawdown of −14.3% is substantially 

lower than the traditional model (−18.9%) and the S&P 500 (−20.4%), indicating 

enhanced resilience during market downturns. 

Table 5. Annual risk-adjusted performance metrics (2022–2023). 

Metric Bio-inspired model Traditional model S&P 500 Improvement vs benchmark 

Annual return (%) 15.8 11.2 9.8 +6.0 

Standard deviation (%) 12.4 14.7 15.2 −2.8 

Sharpe ratio 1.18 0.68 0.57 +0.61 

Sortino ratio 1.42 0.82 0.71 +0.71 

Maximum drawdown (%) −14.3 −18.9 −20.4 +6.1 

Information ratio 0.92 0.64 N/A +0.28 

 

Figure 5. Annual risk-adjusted performance. 
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Table 6 and Figure 6 illustrate the bio-inspired model’s performance consistency 

across quarters. Return rates remain robust, ranging from 3.8% in Q1 2022 to 4.8% in 

Q2 2023, with steady volatility averaging between 11.5% and 13.1%. The Sharpe 

Ratio improves each quarter, reaching 1.28 by Q2 2023, reflecting progressive risk-

adjusted return optimization. Maximum drawdown shows a positive trend, reducing 

from −8.4% in Q1 2022 to −7.2% in Q2 2023, underscoring the model’s growing 

capacity to minimize losses. The win rate gradually increases, reaching 72.8% in Q2 

2023, indicating improved decision accuracy and profitability. 

Table 6. Quarterly risk-return performance breakdown. 

Quarter Return (%) Volatility (%) Sharpe ratio Max drawdown (%) Win rate (%) 

Q1 2022 3.8 11.8 1.12 −8.4 68.5 

Q2 2022 4.2 12.2 1.15 −7.9 70.2 

Q3 2022 3.9 13.1 1.08 −9.2 69.8 

Q4 2022 4.5 12.6 1.21 −8.1 71.4 

Q1 2023 4.7 11.9 1.24 −7.8 72.1 

Q2 2023 4.8 11.5 1.28 −7.2 72.8 

 

Figure 6. Quarterly risk-return performance. 

Table 7 highlights the bio-inspired model’s adaptability to various market 

regimes. In high-volatility markets, the model achieves a return of 17.2% with a 

Sharpe Ratio of 1.10, managing to capitalize on market fluctuations while maintaining 

controlled risk at 15.6%. During bullish trends, the model performs exceptionally well, 

with a Sharpe Ratio of 1.50 and a success rate of 73.4%, achieving a stable return rate 

of 16.8%. Even in bearish markets, the model manages a 13.5% return with a moderate 

Sharpe Ratio of 0.91, reflecting its capacity to adapt effectively during downturns. 

Sideways markets yield a Sharpe Ratio of 0.98, indicating that the model also performs 

well when trends are unclear. 



Molecular & Cellular Biomechanics 2024, 21(4), 703.  

21 

Table 7. Performance across market conditions. 

Market regime Return (%) Risk (%) Sharpe ratio Success rate (%) Avg trade (%) 

Low volatility 12.4 9.8 1.27 75.8 0.82 

High volatility 17.2 15.6 1.10 65.3 1.24 

Bullish trend 16.8 11.2 1.50 73.4 0.98 

Bearish trend 13.5 14.8 0.91 67.2 0.88 

Sideways market 10.2 10.4 0.98 70.1 0.64 

In Table 8 and Figure 7, the bio-inspired model shows superior risk management 

compared to traditional models. The Value at Risk (VaR) at the 95% confidence level 

is −1.82%, compared to −2.45% for traditional models, indicating a minor maximum 

potential loss. The Expected Shortfall (ES), representing the average loss beyond the 

VaR threshold, is also lower for the bio−inspired model at −2.24% versus −3.12%, 

indicating better tail risk management. With a Beta of 0.82, the model is less sensitive 

to market movements than the traditional model (0.94), suggesting a reduced market 

correlation. The Treynor Ratio and Risk-Adjusted Alpha demonstrate higher values 

for the bio-inspired model, confirming superior performance relative to systematic risk 

and a higher risk-adjusted return than traditional approaches. 

Table 8. Risk management effectiveness. 

Risk metric Bio-inspired model Traditional model Difference 

Value at risk (95%) −1.82% −2.45% +0.63% 

Expected shortfall (95%) −2.24% −3.12% +0.88% 

Beta 0.82 0.94 −0.12 

Treynor ratio 0.168 0.124 +0.044 

Risk-adjusted alpha 4.2% 2.8% +1.4% 

 

Figure 7. Risk management effectiveness. 
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Table 9 and Figure 8 detail the bio-inspired model’s trade quality and 

profitability. The average winning trade of 1.42% exceeds the benchmark by 0.24%, 

while the average losing trade is more minor at −0.84%, outperforming the 

benchmark’s −1.12% by 0.28%, indicating effective risk control on losses. The profit 

factor of 1.68, compared to the benchmark’s 1.42, shows that the model generates 

more profit per unit of risk. With a recovery factor 2.24, the model demonstrates faster 

recovery from drawdowns than the benchmark (1.86). Lastly, the risk-reward ratio of 

1.69 signifies efficient balancing of gains relative to losses, further confirming the 

model’s enhanced profitability and controlled risk profile. 

Table 9. Trade analysis metrics. 

Parameter Value Benchmark Difference 

Average winning trade (%) 1.42 1.18 +0.24 

Average losing trade (%) −0.84 −1.12 +0.28 

Profit factor 1.68 1.42 +0.26 

Recovery factor 2.24 1.86 +0.38 

Risk-reward ratio 1.69 1.38 +0.31 

 

Figure 8. Trade analysis. 

4.3. Response time to market changes 

The Response Time to Market Changes Analysis provides insights into the bio-

inspired model’s efficiency in detecting and reacting to market events, focusing on 

response times, decision accuracy, and processing speed. This analysis demonstrates 

the model’s agility compared to traditional approaches and its ability to minimize risks 
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during critical market shifts. 

In Table 10, the bio-inspired model shows significantly faster response times 

across various market events, outperforming traditional models consistently. For sharp 

price drops (>2%), the model’s average response time is 4.2 min, a 46.2% 

improvement over the traditional model’s 7.8 min. Similarly, during rapid price surges 

(>2%), the model reacts within 4.8 min, a 41.5% improvement. This prompt response 

to sudden movements enables the model to act proactively in high-stakes situations, 

reducing the likelihood of substantial losses or missed gains. Trend reversals and 

news-driven events show even more significant improvements, with 6.4- and 4.5-

minute response times, respectively, achieving up to 48.3% faster response than 

traditional models, confirming the model’s ability to adjust to market sentiment 

changes quickly. 

Table 10. Average response times to market events (in minutes). 

Market event type Bio-inspired model Traditional model Improvement (%) Sample size (n) 

Sharp price drops (>2%) 4.2 7.8 46.2 78 

Rapid price surges (>2%) 4.8 8.2 41.5 82 

Volatility spikes (>50%) 5.1 9.4 45.7 45 

Volume surges (>200%) 3.8 6.9 44.9 92 

Trend reversals 6.4 12.3 48.0 64 

News-driven events 4.5 8.7 48.3 156 

Table 11 and Figure 9 provide a breakdown of decision latency under various 

market conditions, highlighting the model’s adaptability to environmental factors like 

volatility and liquidity. In regular trading conditions, the model’s response time 

averages 4.8 min with a 76.4% decision accuracy and an 8.2% false signal rate, 

reflecting efficient and reliable performance. During high volatility, response time 

extends to 5.7 min, and accuracy slightly decreases to 71.2%, with an increase in false 

signals to 12.4%. In low liquidity scenarios, latency rises to 6.2 min, reflecting a 

cautious approach to maintaining accuracy amid limited market depth. Economic 

releases generate a faster-than-average response time of 4.2 min, allowing the model 

to quickly adjust to impactful news, with a high accuracy rate of 74.8% and a lower 

false signal rate of 9.4%. 

Table 11. Decision latency analysis by market condition. 

Market condition Avg response time (min) Decision accuracy (%) False signals (%) Signal strength 

Normal trading 4.8 76.4 8.2 0.82 

High volatility 5.7 71.2 12.4 0.75 

Low liquidity 6.2 69.8 13.8 0.71 

Pre-market hours 5.9 70.5 11.9 0.73 

Post-market hours 6.1 70.2 12.2 0.72 

Economic releases 4.2 74.8 9.4 0.84 
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Figure 9. Decision latency analysis. 

Table 12 demonstrates the bio-inspired model’s processing speed at each stage 

of DMP. The total processing time averages 906 milliseconds, with the neural network 

analysis phase being the longest at 286 milliseconds. The mechanical parameter 

calculations and decision integration stages average 198 and 156 milliseconds, 

respectively, showing the model’s capability to process complex information quickly. 

The 95th percentile processing time of 1122 milliseconds and a maximum of 1348 

milliseconds confirms that even under peak loads, the model maintains prompt DMP, 

essential for real-time trading environments. 

Table 12. Signal processing efficiency (2022–2023). 

Processing stage Average time (ms) Standard deviation 95th percentile Maximum time 

Data input processing 124 18 156 189 

Neural network analysis 286 42 348 412 

Mechanical parameter calc 198 31 248 298 

Decision integration 156 24 192 234 

Signal generation 142 22 178 215 

Total processing time 906 137 1122 1348 

Table 13 and Figure 10 focus on the model’s ability to recover from incorrect 

signals, such as false buys and sells, ensuring losses are minimized. For false buy 

signals, the average recovery time is 2.8 min, with a 92.4% success rate in recovering 

from the error and an average loss of 0.84%. False sell signals show similar 

performance, with a recovery time of 2.6 min and a success rate of 93.2%. This rapid 

recovery ability highlights the model’s responsiveness in correcting missteps, 

maintaining profitable outcomes, and effectively managing risks associated with 

incorrect signals. 
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Table 13. Recovery analysis after false signals. 

Error type Recovery time (min) Success rate (%) Avg loss prevented (%) Cases (n) 

False buy signal 2.8 92.4 0.84 142 

False sell signal 2.6 93.2 0.78 138 

Premature entry 3.2 88.6 0.92 94 

Delayed exit 3.4 87.8 0.96 86 

Signal reversal 2.9 91.2 0.88 112 

 

Figure 10. Recovery analysis. 

Table 14 and Figure 11 evaluate the efficiency of decision execution across 

different time frames, focusing on metrics such as slippage and fill rate. For decisions 

executed within the first minute, the model achieves a success rate of 94.2% and 

minimal slippage of 0.12%, indicating substantial accuracy and execution efficiency 

in high-priority trades. As time progresses, slippage increases, and the success rate 

decreases, with decisions beyond 30 min showing a success rate of 82.8% and slippage 

of 0.42%. This analysis confirms the model’s ability to implement decisions with high 

precision and minimal delay, ensuring optimal entry and exit points in fast-moving 

markets. 

Table 14. Temporal analysis of decision implementation. 

Time frame Signal to execution (ms) Success rate (%) Slippage (%) Fill rate (%) 

First 1 min 842 94.2 0.12 96.8 

1–5 min 968 92.8 0.18 94.2 

5–15 min 1124 89.4 0.24 91.6 

15–30 min 1286 86.2 0.32 88.4 

>30 min 1482 82.8 0.42 84.2 
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Figure 11. Temporal analysis. 

5. Conclusion and future work 

Integrating biomechanical principles with neural network architectures for 

financial DMP demonstrates a significant advancement in quantitative finance. The 

empirical results validate this novel approach through multiple performance metrics, 

showing substantial improvements over traditional methodologies. The bio-inspired 

model achieved a 73.2% decision accuracy rate, exceeding traditional models by 6.8%. 

Risk-adjusted performance metrics demonstrate superior risk management capabilities, 

including a Sharpe ratio of 1.18 compared to 0.68 for traditional models. The 

framework’s 46.2% faster response to market changes and 92.4% success rate in error 

correction highlights its effectiveness in dynamic market environments. These results 

validate the applicability of biomechanical principles to financial market modeling and 

suggest promising applications in portfolio management and automated trading 

systems. The framework’s ability to adapt to different market conditions while 

maintaining robust risk controls addresses critical needs in modern financial markets. 

Future research opportunities include extending the framework to different asset 

classes, incorporating additional mechanical principles, and exploring more complex 

neural architectures. The success of this integrated approach provides a foundation for 

further developments in financial modeling and DMP, particularly as markets continue 

to evolve in complexity. This study demonstrates that combining physical principles 

with advanced computational methods offers theoretical insights and practical tools 

for modern financial management. The evidence suggests that such bio-inspired 

approaches may become increasingly central to successful financial management and 

trading strategies in an evolving market landscape. 
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