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Proposed Framework 
Hybrid AI Model for Gold Price Forecasting


1. Introduction
Forecasting gold prices is challenging because the market is influenced by many economic and financial factors that change over time. Gold prices often show high volatility and nonlinear behavior, which makes traditional forecasting methods less effective.
In this project, I aim to develop a simple and practical hybrid forecasting approach that combines Long Short-Term Memory (LSTM) networks with XGBoost. LSTM is used to learn time-based patterns in gold prices, while XGBoost is used to model nonlinear relationships between engineered financial features. The goal is to improve the stability and reliability of gold price forecasting.
2. Problem Statement
Gold price movements are complex and highly dynamic. The market reacts to economic conditions, financial indicators, and sudden global events in nonlinear and sometimes unpredictable ways. Traditional statistical models often fail to capture these behaviors, especially during periods of high volatility.
Models that rely only on historical price sequences may miss important nonlinear feature interactions, while models that focus only on structured features may not fully capture temporal dependencies. Therefore, there is a need for a hybrid approach that can combine time-series learning with nonlinear feature modeling in a single framework



3. Objectives
The main objective of this project is to develop a hybrid AI model that improves the accuracy and robustness of gold price forecasting.
Specifically, this project aims to:
· Learn time-dependent patterns in gold prices using LSTM.
· Capture nonlinear relationships between engineered financial features and gold price movements using XGBoost.
· Combine both models using a hybrid structure to improve forecasting performance.
· Evaluate the hybrid model against standalone LSTM and XGBoost models using standard forecasting metrics.
4. Proposed Framework Overview
This project proposes a hybrid forecasting framework that combines two complementary modeling techniques. The LSTM model is designed to learn temporal patterns from sequential gold price data, while the XGBoost model focuses on modeling nonlinear relationships among engineered features derived from historical prices and financial indicators.
The hybrid framework allows each model to focus on the type of information it handles best. By combining the strengths of LSTM and XGBoost, the framework aims to produce more stable and reliable forecasts than using either model alone.




5. Methodological Components
The proposed framework follows a clear and structured methodology. First, historical gold price data and selected financial indicators are collected and aligned over a consistent time period. Data preprocessing steps are applied to handle missing values and ensure data quality.
Next, engineered features such as price returns, lagged values, moving averages, and volatility measures are constructed and used as inputs for the XGBoost model. In parallel, sequential price windows are created and passed to the LSTM model to learn temporal dependencies.
A residual-based hybrid strategy is then applied. XGBoost is trained first to generate baseline predictions, and the LSTM model is trained to learn the residual errors from the XGBoost outputs. The final gold price forecast is obtained by combining the baseline predictions with the predicted residuals.
6. Expected Outcomes
The proposed hybrid framework is expected to improve forecasting robustness compared to standalone models. While XGBoost is expected to provide strong numerical accuracy, the hybrid model is expected to enhance the model’s ability to capture price direction and temporal behavior.
This balanced performance makes the framework suitable for practical financial forecasting tasks, where both accuracy and stability are important.
7. Conclusion
In summary, this project proposes a practical hybrid forecasting framework for gold price prediction based on LSTM and XGBoost. The framework combines time-series learning and nonlinear feature modeling using a residual-based approach.
The goal is to develop a reliable and interpretable forecasting method that is consistent with real-world financial data and suitable for academic research as well as practical decision-making.


