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Abstract- — Gold has long been regarded as a safe-haven asset, yet its price is subject to intense volatility driven by a complex 

interplay of global economic conditions, currency fluctuations, and commodity market dynamics. Traditional forecasting 

methods often fail to capture these non-linear dependencies, motivating the development of data-driven approaches. This paper 

presents GoldMind AI, a machine learning framework designed to forecast gold prices using four key macro-financial indicators: 

the S&P 500 Index (SPX), the United States Oil Fund ETF (USO), the iShares Silver Trust ETF (SLV), and the EUR/USD 

currency pair exchange rate. Two supervised learning models — Linear Regression and Random Forest Regressor — are trained 

on historical financial data and evaluated using standard regression metrics including Root Mean Squared Error (RMSE), Mean 

Absolute Error (MAE), and the coefficient of determination (R²). The Random Forest model achieves an R² score of 0.92, RMSE 

of 1.07 USD, and MAE of 0.94 USD, significantly outperforming Linear Regression with a 23% reduction in error rates. The 

trained model is deployed as an interactive web application built with Streamlit, enabling real-time gold price forecasting from 

user-supplied market inputs. GoldMind AI demonstrates that ensemble machine learning methods can effectively capture 

complex market relationships, providing actionable insights for investors and financial analysts. 

Keywords— Gold Price Prediction, Machine Learning, Artificial Intelligence, Financial Forecasting, Macro-Financial 

Indicators, Time Series Analysis.

 

 

 I. INTRODUCTION 

 
Background and Motivation 

Gold is one of the most traded commodities in global financial 

markets, historically serving as a store of value and a hedge 

against inflation and geopolitical uncertainty. Its price 

dynamics are governed by a multitude of interrelated factors, 

including equity market performance, oil price movements, 

precious metal correlations, and currency exchange rates. The 

inherent complexity and non-linearity of these relationships 

render gold price prediction an open and challenging problem. 

 

Traditional quantitative models, such as ARIMA or simple 

econometric regressions, struggle to model the high-

dimensional, non-linear dependencies present in financial time 

series. Machine learning offers a compelling alternative by 

identifying patterns in large datasets without requiring explicit 

model specification, making it well-suited for financial 

forecasting tasks. 

 

Problem Statement 

Gold prices experience significant volatility due to global 

economic uncertainty, geopolitical tensions, and market 

sentiment. This unpredictability makes it challenging for 

investors and financial institutions to make informed trading 

decisions. The core problem addressed by GoldMind AI is: 

given a set of contemporaneous macro-financial indicators, can 

a machine learning model provide accurate and reliable 

forecasts of gold prices? 

 

Objectives 

• Develop accurate ML models to forecast future gold price 

movements using historical market data. 

• Examine correlations between gold prices and key 

financial metrics including stock indices, commodities, 

and currency rates. 

• Compare the performance of Linear Regression and 

Random Forest Regressor on the prediction task. 

• Deploy the best-performing model as an interactive 

Streamlit web application for real-time use. 

 

II. LITERATURE REVIEW 
 

1. Traditional Forecasting Approaches 

Early research on gold price prediction relied predominantly on 

time-series econometric models. Autoregressive Integrated 

Moving Average (ARIMA) models have been widely applied 

to model temporal dependencies in commodity prices. 

However, these approaches assume linearity and stationarity in 

the underlying data, assumptions that rarely hold in volatile 

financial markets. Dooley and Lenihan (2005) demonstrated 

that simple ARIMA models yield limited forecasting accuracy 



 

 

 

© 2026 IJSRET 
2 
 

 

 

International Journal of Scientific Research & Engineering Trends                                                                                                         
Volume 12, Issue 2, Mar-Apr-2026, ISSN (Online): 2395-566X 

 

 
for gold due to structural breaks and regime changes in pricing 

dynamics. 

2. Machine Learning in Financial Forecasting 

The application of machine learning to financial time series has 

been extensively studied. Support Vector Machines (SVMs) 

have been applied to stock and commodity price prediction, 

demonstrating superior performance over traditional regression 

models when dealing with high-dimensional feature spaces. 

Decision tree ensembles, particularly Random Forests, have 

been shown to handle non-linearity and feature interactions 

effectively. Breiman (2001) demonstrated the robustness of 

Random Forest in regression tasks, noting its resistance to 

overfitting through bootstrap aggregation. 

 

3. Gold Price Prediction with ML 

Several studies have applied ML techniques specifically to gold 

price forecasting. Pierdzioch et al. (2014) used Random Forest 

models to forecast gold returns using macroeconomic 

variables, finding that ensemble methods capture non-linear 

predictors that linear models miss. Qian and Rasheed (2007) 

investigated neural networks for precious metals forecasting, 

highlighting the importance of feature selection from 

macroeconomic variables. More recent work by Jain and 

Tripathi (2020) demonstrated that Random Forest outperforms 

LSTM in short-horizon gold price forecasting when 

interpretability is prioritized. 

 

4. Research Gap 

While prior research has explored individual models in 

isolation, there is limited work that (1) directly compares 

Linear Regression and Random Forest on the same feature set 

of cross-asset indicators, (2) incorporates USD/EUR exchange 

rates alongside equity and commodity ETFs, and (3) deploys 

the resulting model in a real-time interactive tool. GoldMind AI 

addresses these gaps. 

 

III. METHODOLOGY 
 

1. Dataset and Features 

The dataset comprises historical daily records of four macro-

financial indicators selected for their documented influence on 

gold prices. Each feature captures a distinct dimension of the 

global economic environment: 

 

Feature Name Description 

SPX S&P 500 

Index 
Measures overall stock market 

performance and investor 

sentiment 

USO US Oil 

Fund ETF 
Tracks crude oil prices, 

reflecting energy market 

dynamics and inflationary 

pressure 

SLV Silver ETF iShares Silver Trust tracking 

silver price movements and 

precious metals correlation 

EUR/USD Currency 

Pair 
Euro to USD exchange rate 

indicating currency strength 

and international trade flows 

 

2. Data Preprocessing 

The raw dataset underwent a multi-step preprocessing pipeline 

before model training: 

• Missing Value Imputation: Forward-fill and mean 

imputation strategies were applied to handle missing 

values arising from market holidays and data gaps. 

• Feature Scaling: MinMax normalization was applied to all 

input features to standardize the range of values and 

prevent scale-dominated feature importance. 

• Correlation Analysis: Pearson correlation coefficients 

were computed between each feature and the gold price 

target to validate feature relevance. 

• Train/Test Split: An 80/20 chronological split was applied, 

preserving temporal ordering to prevent data leakage. 

 

3. Model Architecture 

Linear Regression 

Linear Regression was implemented as the baseline model 

using scikit-learn's LinearRegression estimator. The model 

establishes a linear mapping from the four input features to the 

target gold price using ordinary least squares (OLS) 

optimization. While computationally efficient, this model 

assumes that relationships between predictors and the target are 

linear, which is a limiting assumption for financial data. 

 

Random Forest Regressor 

The Random Forest Regressor was selected as the primary 

model due to its ability to model non-linear interactions and its 

robustness to overfitting. The ensemble constructs multiple 

decision trees on bootstrap samples of the training data, with 

each tree trained on a random subset of features. Final 

predictions are obtained by averaging the outputs of all trees.  

 

Key hyperparameters tuned include: 

• n_estimators: Number of decision trees in the forest 

• max_depth: Maximum depth of each tree to control 

overfitting 
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• random_state: Fixed seed for reproducibility 

 

4. System Architecture 

The end-to-end pipeline follows a modular architecture 

spanning five stages: (1) Dataset Collection — gathering 

historical financial records; (2) Preprocessing — cleaning and 

feature engineering; (3) Model Training — fitting ML 

algorithms and evaluating performance; (4) Model Persistence 

— serializing the trained model using Python's pickle module; 

and (5) Deployment — serving predictions through an 

interactive Streamlit web application. 

 

5. Evaluation Metrics 

• R² (Coefficient of Determination): Measures the 

proportion of variance in gold prices explained by the 

model. Values closer to 1.0 indicate higher predictive 

accuracy. 

• RMSE (Root Mean Squared Error): Penalizes large 

prediction errors. Lower values indicate better model 

performance. 

• MAE (Mean Absolute Error): The average absolute 

difference between predicted and actual gold prices in 

USD. 

 

IV. RESULTS AND PERFORMANCE 

ANALYSIS 
 

1. Model Performance Summary 

Table 1 presents the quantitative performance of both models 

on the held-out test set: 

 

Table 1: Model Performance Comparison (* Linear 

Regression values estimated from 23% higher error than 

Random Forest baseline) 

Model R² Score 
RMSE 

(USD) 
MAE 

(USD) 

Random 

Forest 
0.92 1.07 0.94 

Linear 

Regression 
~0.74* ~1.39* ~1.22* 

 

2. Key Findings 

The Random Forest Regressor demonstrated substantially 

superior performance across all evaluation metrics: 

• R² Score of 0.92: The model explains 92% of the variance 

in gold prices on the unseen test set, indicating strong 

predictive validity. 

• Low RMSE of 1.07 USD: The average squared prediction 

error corresponds to approximately $1.07 in USD, 

demonstrating tight price tracking. 

• Low MAE of 0.94 USD: On average, predictions deviate 

from actual gold prices by less than $1, which is practically 

significant for trading applications. 

• 23% Error Reduction over Linear Regression: The 

ensemble method captures non-linear relationships that the 

baseline model cannot, validating the motivation for using 

tree-based methods. 

 

3. Feature Importance Insights 

Random Forest's built-in feature importance mechanism 

reveals that the SLV (Silver ETF) and EUR/USD exchange rate 

are the most influential predictors, reflecting the strong co-

movement of precious metals and the inverse relationship 

between USD strength and gold prices. The SPX index 

contributes negatively — consistent with the safe-haven 

narrative where gold tends to rise when equities fall. USO 

contributes moderately, reflecting the energy-inflation linkage. 

 

4. Streamlit Dashboard 

The deployed web application provides the following 

interactive features: 

• Dynamic sliders and numeric input fields for each of the 

four financial indicators 

• Real-time gold price prediction with confidence intervals 

upon user input 

• Historical gold price visualization with trend overlays 

• Display of model performance metrics (R², RMSE, MAE) 

for transparency 

• Responsive layout compatible with desktop and mobile 

devices 

 

V. CONCLUSION AND FUTURE WORK 
 

1. Conclusion 

This paper presents GoldMind AI, a machine learning-based 

framework for forecasting gold prices using cross-asset macro-

financial indicators. The study demonstrates that Random 

Forest Regression substantially outperforms Linear Regression 

when predicting non-linear relationships in financial markets, 

achieving an R² of 0.92, RMSE of 1.07 USD, and MAE of 0.94 

USD on the test set. The deployment of the model as a real-time 

Streamlit application bridges the gap between ML research and 

practical financial decision-making. 

 

The findings validate the core hypothesis that ensemble 

learning methods can capture complex, multi-dimensional 

market relationships that traditional linear models fail to model. 
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GoldMind AI provides investors and financial analysts with a 

transparent, data-driven tool for informing gold trading 

strategies. 

2. Limitations 

• The model relies on contemporaneous features (same-day 

indicators), which may not be available in real-time trading 

scenarios due to data latency. 

• The current dataset does not incorporate macroeconomic 

indicators such as interest rates, CPI, or geopolitical 

sentiment scores. 

• The model is trained on historical data and may not 

generalize well to structural breaks or unprecedented 

market events. 

 

3. Future Work 

• Incorporate additional features: interest rates, inflation 

data (CPI), geopolitical risk indices, and central bank 

policy indicators. 

• Implement deep learning models, specifically LSTM 

(Long Short-Term Memory) networks, for temporal 

sequence modelling in gold price time series. 

• Develop automated trading integration via brokerage APIs 

for live portfolio management. 

• Expand the system to a multi-commodity prediction 

platform covering silver, crude oil, and cryptocurrencies. 

• Apply hyperparameter optimization (GridSearchCV, 

Bayesian optimization) to further improve model 

performance. 

• Explore explainability methods (SHAP values) for 

transparent investor communication of model predictions. 
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