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Abstract: TradeLens AI is a risk-aware and explainable trade recommendation system developed to improve 

transparency and reduce unnecessary exposure in algorithmic trading. The framework follows a multi-layer architecture 

consisting of a data ingestion module, a predictive modeling unit, and a decision engine designed to evaluate risk before 

execution. 

The predictive component uses an XGBoost model trained on high-frequency financial data obtained from sources such 

as yfinance and Finnhub. Instead of directly acting on model outputs, predictions are passed through a Risk-Aware 

Decision Engine (RADET), which applies a confidence threshold and evaluates volatility conditions before approving 

trade signals. 

Simulation results indicate that this layered approach significantly reduces low-quality trade entries while maintaining 

high prediction reliability. Additionally, the system provides interpretable outputs, allowing users to understand the 
factors influencing each decision. By combining predictive performance with transparent risk control, TradeLens AI 

contributes toward more reliable and accountable automated trading systems. 

 

Keywords: Risk-Aware Trading, Decision Support System, Machine Learning, Decision Tree, XGBoost, Explainable 
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I. INTRODUCTION 

 

A. Background  

Financial markets have evolved into highly dynamic systems driven by continuous data generation, automated trading 

mechanisms, and strong interconnections across global assets. Trading environments now process a wide range of inputs, 

including macroeconomic signals, price movements, and real-time order activity, resulting in large-scale, fast-moving 
datasets. As volatility increases and market behaviour becomes more complex, conventional predictive techniques often 

struggle to adapt to these changing conditions. This creates a need for more advanced approaches that can combine data 

analysis with intelligent decision-making under time constraints. 

 

B. Risk-Aware Decision Intelligence Framework 

To address limitations in traditional trading systems, decision-making processes are increasingly being embedded within 

automated frameworks that reduce reliance on human judgment. The proposed TRADELENS AI system follows a 

modular architecture composed of a data processing layer, a predictive modeling unit, and a dedicated risk evaluation 

engine. These components operate together within a scalable backend environment to support automated trade analysis 

and execution. 

By structuring the system in this way, trade signals are not executed directly from predictions. Instead, they are evaluated 
against predefined risk criteria and market conditions. This ensures that each decision aligns with specified thresholds 

and adapts to different market regimes, ultimately improving consistency and reducing unnecessary exposure. 

 

C. Predictive Feature Engineering and Regime Monitoring 

The framework incorporates key technical indicators such as Average True Range (ATR), momentum, and volatility to 

represent the current state of the market. These indicators provide insight into price behavior, liquidity conditions, and 

overall asset stability. A dedicated regime monitoring component continuously analyzes these signals to detect whether 

the market is trending or reverting. 
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By identifying these patterns in real time, the system avoids entering trades during uncertain or low-probability 

conditions. This reduces inefficient capital usage and helps minimize losses associated with unstable or noisy market 

phases. 

 

D. Machine Learning and Adaptive Ensembles 

The predictive core of the system is based on XGBoost, a gradient boosting technique known for its effectiveness in 

handling structured and non-linear data. Using features derived from financial data sources such as yfinance and Finnhub, 
the model captures relationships that simpler models may overlook. 

Rather than generating raw predictions alone, the model contributes to a broader decision pipeline where outputs are 

interpreted alongside risk factors. This allows the system to produce signals that are not only accurate but also aligned 

with stability and risk management objectives across different asset categories. 

 

E. Objectives  

This study aims to investigate how combining machine learning with a structured risk evaluation process can improve 

automated trading systems. The focus is on reducing manual intervention while enhancing the quality of decisions 

related to capital allocation. 

The key objectives are outlined as follows: 

• Centralized Predictive Framework Development: 
Design an integrated system that utilizes high-frequency financial data from yfinance and Finnhub along with an 

XGBoost model to identify market trends. 

• Risk-Aware Decision Engine (RADET): 

Develop a decision module that evaluates predictions based on volatility, confidence levels, and market conditions 

before approving trade actions. 

• Performance Evaluation: 

Assess the effectiveness of the system through simulations, focusing on prediction accuracy, stability, and efficient use 

of capital across different market scenarios. 

 

F. Scope  

This work focuses on the development and simulation of a trading support system designed to improve prediction 
reliability while reducing financial risk. The scope includes: 

• System Integration: 

Examining how predictive modeling and risk evaluation components interact to support interpretable and automated 

decision-making. 

• Operational Strategy: 

Analysing the role of technical indicators such as momentum, ATR, and volatility in identifying high-risk trading 

conditions and filtering trade opportunities. 

• Experimental Validation: 

Using historical financial data to simulate trading behaviour and measure system performance against standard baseline 

approaches. 
 

II. LITERATURE REVIEW 

 

The growing complexity of financial markets has increased the demand for predictive systems that are not only accurate 

but also capable of managing risk effectively. As a result, researchers have begun exploring methods such as gradient 

boosting techniques and decision-oriented frameworks that go beyond simple price correlation analysis. These 

approaches are particularly useful for identifying complex, non-linear relationships within volatile market environments 

while improving the reliability of predictions. 

Recent studies indicate that integrating machine learning models with real-time financial indicators can enhance the 

consistency and autonomy of trading decisions. Unlike traditional linear approaches, which often fail to respond to rapid 

market changes, these systems use data-driven inference combined with risk evaluation mechanisms to guide capital 

allocation. A key focus across this body of work is minimizing unnecessary losses and reducing noise in trading signals, 

especially when dealing with high-dimensional datasets that include momentum and volatility features. 
 

A. Gradient Boosting and Decision Intelligence Technology 

Gradient Boosting Decision Tree (GBDT) methods, particularly XGBoost, are widely used in financial modeling due to 

their ability to handle complex, non-linear relationships in time-series data. These models improve interpretability by 
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structuring predictions in a way that highlights the contribution of different input features, making the decision process 

more transparent compared to traditional black-box approaches. 

Ensemble learning techniques enable multiple financial indicators—such as momentum and volatility—to be analysed 

collectively, allowing the model to capture interactions that are not evident through linear analysis. This leads to more 

reliable prediction outcomes and better insight into the factors influencing price movements. 

Research also highlights the importance of integrating risk-aware mechanisms into predictive systems. By continuously 

evaluating market conditions through dynamic data streams, such frameworks can filter out low-quality signals and 
reduce unnecessary capital exposure. Additionally, time-based forecasting methods are increasingly used to evaluate how 

trends evolve over multiple steps, supporting more consistent and adaptive decision-making in quantitative trading 

environments. 

 

B. Application of Real-Time Financial APIs for Market Monitoring 

High-resolution financial data obtained through APIs such as yfinance and Finnhub provides detailed insights into asset 

price behaviour. This enables more effective identification of momentum shifts and evolving market conditions. By 

analysing intraday data, analysts can better understand how assets respond to changing macroeconomic factors. 

Recent developments show that access to high-frequency data allows systems to detect unusual market patterns during 

periods of disruption while simultaneously tracking emerging trends. The integration of automated tools with financial 

APIs reduces the need for manual analysis, improving efficiency. In addition, risk evaluation mechanisms continuously 
monitor uncertainty, helping to limit human intervention and support more consistent decision-making. 

 

C. Synergistic Advantages of ML and Risk-Aware Engine Integration 

Recent studies in financial technology suggest that combining machine learning techniques with automated risk 

assessment systems can improve the accuracy and robustness of market models. By leveraging real-time data, these 

systems are able to capture detailed information about the current condition of an asset, allowing predictive models to 

make more consistent and logically structured decisions based on established technical indicators. 

This approach reduces reliance on random market fluctuations and enhances the reliability of predictions. Incorporating 

multiple data sources within frameworks such as XGBoost enables more informed trade selection, helping to limit 

unnecessary financial losses. Additionally, the model can dynamically prioritize relevant signals by accounting for 

volatility and uncertainty. 
The use of mathematically grounded indicators further ensures that simulated outcomes remain aligned with realistic 

market behaviour. As a result, the overall system achieves a balance between stability, interpretability, and reduced 

dependence on manual analysis. 

 

D. Quantifying Resource Optimization and Capital Efficiency 

Integrating predictive models with risk-aware decision frameworks has shown strong potential in meeting the demands 

of high-frequency trading environments. Studies indicate that continuously filtering trade opportunities through learning-

based mechanisms is essential for maintaining long-term system performance. 

Within this context, the RADET framework is designed to identify and suppress low-value or misleading financial 

signals, thereby reducing unnecessary portfolio exposure and redundant trades. This process enhances the system’s ability 

to measure epistemic uncertainty, or the model’s level of confidence, leading to closer alignment between predicted 

outcomes and actual market behaviour. 
 

By tracking variations in asset performance over time, the model can selectively focus on opportunities that improve 

capital allocation and liquidity management. This targeted approach supports more efficient discovery of profitable 

signals while operating within a self-adjusting and continuously improving decision cycle. 

 

E. Challenges and Limitations  

 

Challenges and Limitations 

Despite ongoing progress in financial machine learning, several limitations continue to affect the reliability of automated 

decision systems. The complexity and unpredictability of global markets make it difficult to achieve perfectly accurate 

models, as unexpected macroeconomic events can significantly disrupt predictions, even when advanced ensemble 
techniques are used. 

Increasing model complexity to improve accuracy can also introduce practical issues, such as higher latency during real-

time execution, especially in scenarios involving high-dimensional and multi-step forecasting. Another major concern is 

the handling of Out-of-Distribution (OOD) scenarios, where models encounter market conditions that differ from their 

training data. This, along with broader uncertainty in predictions, remains a key challenge for learning-based systems. 
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Additionally, insufficient incorporation of macroeconomic context within the RADET framework may lead to incorrect 

interpretations of asset relationships and suboptimal trade decisions. Variations in data across multiple financial 

exchanges further complicate integration, requiring careful preprocessing and synchronization to maintain consistency. 

Finally, the computational cost associated with training and maintaining such systems is substantial. Combined with 

regulatory concerns and limited institutional trust in fully autonomous trading solutions, these factors present practical 

barriers to large-scale adoption, particularly in highly volatile market environments. 

 
F. Scope for Future Research  

Future research can focus on combining structured financial data with macroeconomic variables and alternative data 

sources to provide a more comprehensive understanding of market behaviour within broader economic and geopolitical 

contexts. Expanding the current framework by integrating Reinforcement Learning techniques alongside XGBoost and 

the RADET module may enhance the system’s ability to adapt to changing market conditions in real time. 

Additionally, further validation through extended paper trading simulations and real-world deployment is necessary to 

evaluate the robustness and reliability of the proposed approach. Such efforts would help determine its practical 

applicability and effectiveness in real-world quantitative trading environments, particularly at an institutional scale. 
 

III. METHODOLOGY 

 
This section explains the integration of high-frequency financial time-series data and Explainable Gradient Boosting 

Models (XGBoost) to establish an automated and predictive trade recommendation pipeline. It is divided into four main 

stages, encompassing the design of the modular system architecture, the application of active learning logic, the 

processing of real-time market indicators, and simulation based on a high-fidelity market environment. The aim is to 

determine whether this integrated framework can enable autonomous financial decision-making, enhance decision 

transparency, and generate reliable price trajectory forecasts, ultimately reducing the demand for speculative, high-risk 

trade entries. 

 

A. System Architecture Design  

 

The environment under which this project has been established is an XGBoost and financial indicator-based autonomous 
decision network architecture. System architecture elements and integration are specified in the elaboration below: 

 

1). Predictive Model Layer (The Core Engine) 

 

• Type: Centralized Gradient Boosting Decision Tree framework (specifically XGBoost) to ensure high 

computational efficiency while capturing non-linear market patterns. 

• Role: Maintain a consistent digital ledger of technical indicators, latent market state representations, and 

predictive trend states. 

• Participants: Technical indicators (Momentum, ATR, Volatility), market regimes, risk parameters, and financial 

analysts. 

• Objective: Achieve stable performance across diverse asset classes by identifying subtle patterns that escape 

traditional linear regressions 

2). Financial Data Layer (Real-Time Sensors) 

 

• Input Data: Real-time market data streams including OHLCV (Open, High, Low, Close, Volume) price 
action, momentum oscillators, and volatility metrics. 

• Functionality: High-resolution monitoring of market regimes, continuous tracking of asset price stability, and 

detection of Out-of-Distribution (OOD) market shifts during high-volatility events. 

• Data Transmission: Raw financial data ingested via yfinance and Finnhub APIs is normalized, scaled for 

momentum and ATR (Average True Range), and mapped into structural tensor formats for processing by the 

XGBoost engine 

3). Risk-Aware Decision Engine (RADET) 

 

• Automated Logic: Defines rules for uncertainty thresholds, capital rerouting (drawdown protection), and 

regime-based trade filtering. 

• Triggers: Event-driven by ensemble variance data and technical signals, such as exceeding predefined 

volatility limits or detecting a shift in market regime. 

https://iarjset.com/


IARJSET 

International Advanced Research Journal in Science, Engineering and Technology 

Impact Factor 8.311Peer-reviewed & Refereed journalVol. 13, Issue 4, April 2026 

DOI:  10.17148/IARJSET.2026.13470 

© IARJSET                  This work is licensed under a Creative Commons Attribution 4.0 International License                  475 

ISSN (O) 2393-8021, ISSN (P) 2394-1588 

 

• Execution: A shallow decision tree executes autonomously to determine if a trade should be recommended or 

rejected based on a combined risk score and prediction confidence. 

Table 1: System Architecture Components and Roles 

 

 
 

B. TRADELENS AI Data and Model Integration Process  

 

The integration of real-time financial data with the centralized predictive engine requires an architecture that balances 

low-latency responsiveness during multi-step forecasts, computational efficiency, and strict adherence to risk-aware 

constraints. 

 

1) Data Collection and Preprocessing 

 

• Continuous Ingestion: Raw financial data is continuously generated through high-throughput market feeds via 

the yfinance and Finnhub APIs at defined intraday intervals. 

• Feature Refinement: Preprocessing includes algorithmic noise removal, normalization, and the selection of 

highly variable technical indicators—such as momentum, volatility, and Average True Range (ATR)—along 

with validation checks for market regime relevance. 

• Matrix Transformation: Processed data is converted into structural tensor formats compatible with the 

XGBoost engine, allowing for a seamless end-to-end predictive pipeline. 

2)Data Transmission and Backend Storage 

 

• Memory Optimization: To optimize inference performance, only compressed latent representations of the 

current market state and indicator tensors are retained in GPU memory. 

• Scalable Storage: Original historical time-series data is stored externally in distributed systems, with data 

references and predictive tasks managed through high-performance queues such as Celery and Redis. 

• Backend Infrastructure: This approach maintains strict data consistency across diverse tickers while enabling 

a scalable, non-blocking Fast API-based backend for real-time decision intelligence 

3) Risk-Aware Deployment and Management 

 

Uncertainty Tracking: The RADET module continuously tracks predictive confidence levels and market uncertainty 

metrics. 

 Automated Decision Logic: These modules are integrated into a distributed worker setup and execute based on 

outputs from the XGBoost ensemble to apply automated rules, such as:  
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• Capital Rerouting: Automatically redirecting exposure when selected assets exceed predefined volatility 

thresholds. 

• Redundancy Reduction: Limiting financial risk by avoiding over-sampling of highly connected or correlated 

asset groups (e.g., sector-specific hub penalties). 

• Dynamic Prioritization: Reordering trade signals in real-time based on expected information gain and the 

stabilization of market regimes. 

Table 2: Data Handling and Active Learning Workflow 

 
 

 

Figure 1: Methodology Block Diagram 

 
 

IV. SIMULATION MODELLING OF STOCK TREND PREDICTION SCENARIOS 

 

To evaluate the proposed XGBoost and RADET framework, a high-fidelity market simulation model of a multi-tier 

financial intelligence pipeline was developed. The model compares a baseline traditional empirical trading approach 

with the TRADELENS AI uncertainty-aware network. 
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1) Financial Pipeline Structure 

 

The simulation represents a four-tier market intelligence pipeline: 

• Raw Asset Pools: Historical price action and liquidity data from high-frequency feeds. 

• Market Regime Networks: Structural relationships between volatility, volume, and price trends. 

• In Silico Prediction Engines: Automated simulation of trade outcomes using the XGBoost classification 

model. 

• Risk-Aware Validation: Real-time filtering and trade prioritization via the RADET engine. 

Each node is modelled with specific market capacities, technical indicator profiles, and causal trend links. 

2) Scenarios Simulated 

 

• Baseline Scenario: Standard empirical trading pipeline with manual asset selection and decision-making based 

on purely correlative, static price models. 

 

• TRADELENS AI Scenario: Uncertainty-aware network with real-time trend forecasting via XGBoost and 

autonomous trade prioritization through RADET algorithms. 

3) Key Performance Indicators (KPIs) 

 

• Operational Footprint: Number of required high-risk trade executions versus filtered signals. 

• Prediction Accuracy: Documented performance metrics including -0.52 accuracy and stable trend hits rates. 

• Capital Efficiency: Reduction in drawdown, mitigation of speculative noise, and computational overhead for 

real-time inference 

4) Simulation Process 

 

• Discrete Time-Series Analysis: The simulation runs in discrete steps representing intraday and daily market 

trajectories. 

• Indicator Ingestion: Financial metrics such as momentum, latent market states, and epistemic uncertainty 

levels are generated based on historical perturbation activities. 

• Autonomous Filtering: RADET algorithms monitor ensemble variance and risk inputs to trigger trade 

rerouting or volatility-based penalties. 

• Dynamic Adjustments: Trade schedules and capital priorities are adjusted automatically in the TRADELENS 

AI scenario based on the 0.59 confidence threshold. 

• Fidelity Calculation: Prediction success is calculated using standard error-based measures and correlation 

metrics against actual price movements. 

• Robustness Evaluation: Results are recorded across 30 simulation cycles to ensure statistical stability and 

evaluate decision intelligence on a risk-adjusted budge 

Table 3: Simulation Model Parameters and Assumptions 
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V. IMPLEMENTATION TOOLS AND TECHNOLOGIES 

 

A) Framework of the Predictive Engine 

 

We selected XGBoost for the on-the-fly formation of market state matrices for various reasons. It features a high-

performance gradient boosting architecture, modularity, and support for non-linear pattern recognition over structured 

financial data. The framework is immune to many common overfitting issues found in traditional regressions and 

maintains a simple, scalable design. Aside from that, an in-depth ensemble consensus was implemented to optimize 

computational inference performance across diverse asset classes. 

 

B) Financial Data Readouts and Protocols 

 

• Market activity profiles from yfinance and Finnhub APIs facilitate general training set modeling of current 

trading protocols with high-resolution resolution specifications. 

• Pandas and NumPy serve as the primary financial data communication formats, whose computational 

properties make them light and efficient tensors for ingestion into the predictive network. 

C) Simulation Environment 

 

• Simulation implementation was conducted using Python and the XGBoost library to continuously perform 

multi-step temporal rollout modelling of market trends 

• Utilizing Pandas and specialized visualization libraries, data analytics and topological trend visualizations were 

generated to track market regimes. 

D)Verification and Vulnerability Assessment 

 

• To validate the general simulation model, there will be a compilation and comparison of market trend simulation 

outputs with historical datasets from verified financial sources 

• Sensitivity analysis will verify the impact of data sparsity and market liquidity on model performance. 

• To further verify the robustness of our framework, we tested whether the RADET module can learn from out-

of-distribution (OOD) market conditions, such as extreme volatility events 

E) Ethical and Financial Considerations 

 

• Data integrity was maintained by implementing controlled and secure access mechanisms for proprietary 

financial information. 

• The validity of financial signals was preserved by aligning model structure with established market regulatory 

mechanisms and technical indicators. 

• Emphasis was placed on interpretability and causal clarity to ensure that automated trade decisions remain 

understandable and trustworthy for stakeholders. 

F) Summary of Methodology  

This method integrates a centralized predictive system with risk-aware decision intelligence to optimize financial trade 

discovery. It achieves this by effectively filtering high-probability trade setups and adapting to market volatility through 

structured regime monitoring and the ingestion of high-frequency market data. A high-fidelity back testing environment 

provides a safe framework for validating market strategies against historical datasets. The primary purpose of this system 
is to minimize capital exposure to high-risk trades while ensuring that all generated predictions remain accurate, 

transparent, and interpretable for stakeholders. 

VI. RESULTS 

 

This section demonstrates the ways in which the use of centralized gradient boosting and high-frequency financial data 

can be helpful in modern trading. It is conducted in ways that reduce the number of speculative entries needed, improve 
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the quality of trend predictions, and adhere to financial logic by using the RADET engine. It also presents numerical and 

quantitative results, emphasizing the efficiency of the system across different types of market variations. 

 

A. Minimization of the experimental footprint and empirical waste  

 

One of the major objectives of the TRADELENS AI design is to reduce unnecessary market exposure and speculative 

risk by constantly monitoring and adapting to epistemic uncertainty. This enables the framework to make high-confidence 
decisions and ignore trade setups that are not informative, too volatile, or overly general in nature. Table 4 illustrates the 

distinction between the baseline correlative models and the TRADELENS AI system over 30 cycles of simulation. 

 

Table 4: Screening Performance Comparison Between Baseline and TRADELENS AI Scenarios 

 
 

B. Operational Efficiency and Discovery Performance  

 

In addition to reducing total trade volume through risk filtering, we evaluated how the TradeLens AI framework affects 
trend identification speed and predictive accuracy. The results, summarized in Table 5, demonstrate significant 

improvements driven by automated asset selection and continuous updates of the model’s market regime state. By 

utilizing active learning logic, the system prioritizes informative signals, allowing for faster response times to emerging 

market trends while maintaining high-fidelity trajectories. 

 

 
 

 

 

https://iarjset.com/


IARJSET 

International Advanced Research Journal in Science, Engineering and Technology 

Impact Factor 8.311Peer-reviewed & Refereed journalVol. 13, Issue 4, April 2026 

DOI:  10.17148/IARJSET.2026.13470 

© IARJSET                  This work is licensed under a Creative Commons Attribution 4.0 International License                  480 

ISSN (O) 2393-8021, ISSN (P) 2394-1588 

 

C. Mechanistic Integrity, Transparency, and Predictive Compliance Enforcement  

 

An important advantage of applying the centralized XGBoost framework with the RADET engine is that it preserves 

financially consistent state tracking and makes the decision-making mechanism of the model more transparent. Unlike 

"black-box" deep learning models, this system provides clear visibility into which technical indicators—such as 

momentum crossovers or volatility spikes—are driving specific trade recommendations. 

The system also possesses the capacity to automatically enforce risk-based rules during simulations, ensuring that no 
trade is executed unless it meets the strict 0.59 confidence threshold and passes the volatility regime check. 

 

D. Detailed Observations 

 

1) Epistemic Uncertainty Monitoring and Adaptive Control 

 

The use of deep ensembles within the centralized XGBoost framework enables continuous tracking of uncertainty at a 

granular financial level, including across varied market regimes and multi-step price trajectories. When predictive 

uncertainty crosses specific thresholds, the RADET module adjusts the workflow by rerouting capital, exploring new 

regions of the asset latent space, or pausing low-confidence trade signals. This proactive mechanism significantly reduces 

unnecessary market exposure. Real-time variance signals allow the system to intervene early, avoiding redundant or low-
value trade setups that typically arise during periods of high speculative noise 

 

2) Target Diversity and Asset Synchronization 

 

Active learning logic is utilized to update trade priorities based on diversity signals in the technical indicator space. This 

prevents the repeated exploration of highly correlated assets and helps avoid over-sampling "network hubs"—stocks that 

move in lockstep with the broader market and provide little individual alpha. Simultaneously, the predictive model 

maintains financially consistent states across different asset modules, supporting stable and efficient trend forecasting. 

 

3) Cost-Benefit Analysis 

 
The reduction in manual analysis and failed trade executions, combined with improved in silico predictions and the 

avoidance of generic market noise, helps offset the initial computational costs of high-frequency data integration and 

model training. Based on simulation results, the TRADELENS AI system is expected to recover these operational costs 

within approximately 18 months under typical high-throughput trading conditions. This cost-recovery profile makes the 

architecture a viable option for both boutique trading firms and larger institutional fintech settings. 

 

E. Summary of Key Findings 

 

1) Execution & Operational Efficiency 

 

These metrics highlight how the system optimizes time and computational resources. 

• Manual Validation Speed: Reduced the time required for manual signal validation by approximately 75%. 

• Target Identification: High-confidence target identification became 24.3% faster. 

• Resource Overhead: Data processing overhead and speculative capital waste decreased by approximately 

23.6%. 

2)Predictive Accuracy & Selection Quality 

 

These metrics demonstrate the "intelligence" of the model in choosing the right trades. 

• Trend Hit Rate: On-target trend hit rates increased to 92.1%. 

• Asset Selection: Active learning mechanisms successfully enforced constraints like hub penalties, leading to 

more focused and relevant asset selection instead of generic trends. 

• Speculative Reduction: The framework reduced the total number of speculative trade entries by 

approximately 85% across the simulated pipeline. 

3)Risk Mitigation & System Reliability 
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These findings focus on the stability and trustworthiness of the automated process. 

• OOD Stability: The use of structured risk logic helped eliminate Out-of-Distribution (OOD) prediction 

issues. 

• Stakeholder Trust: Improved trust levels by providing a more transparent and stable decision-making 

process. 

• Workflow Reliability: Uncertainty-aware modeling proved to improve the overall efficiency and reliability of 

autonomous financial discovery workflows 

VII. CONCLUSION 
 

The present study demonstrates that the integration of XGBoost-based predictive modelling with the Risk-Aware 

Decision Engine (RADET) creates a highly autonomous, uncertainty-aware system for financial discovery. By grounding 

the framework in high-frequency data from yfinance and Finnhub, the system proves significantly more efficient in 

eliminating high-risk, speculative trade entries while maintaining the reliability of market trend predictions. 

Key findings from the implementation include: 
 

• Operational Efficiency: Automated back testing simulations paired with an integrated uncertainty estimation 

process play a critical role in guiding capital allocation decisions. This approach focuses system resources on 

high-probability market targets rather than speculative noise. 

 

• Uncertainty Management: The application of active learning strategies and ensemble methods provides superior 

management of model uncertainty. This assists the system in selecting financially relevant trade executions while 

simultaneously minimizing portfolio drawdown. 

In conclusion, the TRADELENS AI framework provides a robust direction for building efficient and reliable financial 

simulation systems. By enhancing accuracy in signal discovery and increasing the reliability of computer-guided 

predictions, this architecture represents a vital step toward precision finance and sustainable capital management. 
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