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Abstract: This study examines how conventional and machine learning models per-
form in predicting and forecasting volatility in the Indian commodity market and study 
involved seven key commodities i.e., gold, silver, crude oil and metals. The study ap-
plied GARCH, GARCH plus LSTM, and machine learning models like Random Forest, 
BiLSTM and XGBoost. The study also uses Principal Component Analysis. This study 
employs daily data for the period spanning from January 2003 to December 2025. 
Data was sourced from the Multi Commodity Exchange (MCX).
While traditional GARCH models are helpful in capturing volatility persistence, they 
are insufficient for accurately forecasting volatile commodity markets.
It was concluded that Machine learning models performed better, especially hybrid 
ones that mix GARCH and LSTM. Findings matter for investors, policymakers and 
analysts who need better ways to understand risk in fast-changing markets. It supports 
the use of data driven tools to manage market risk in a volatile environment, specifi-
cally focusing on Indian commodity market.
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INTRODUCTION
In recent years, commodity markets have gained significant attention from aca-

demicians, economic agents and policymakers, specifically in the context of economic 
volatility (Pindyck, 2004); (Ezeaku, 2020). Unlike equity or bond markets, commodity 
market is highly sensitive and reactive to global shocks, war, trade disruptions and 
geopolitical tensions and macroeconomic volatility around the world (Kilian, 2022). 
Over the past decade, events like the COVID-19 pandemic, Russia Ukraine war and 
Israel-Hamas have exposed the commodity markets to shocks triggering fluctuations 
and volatility in prices of gold, silver, crude oil and other metals. All this has led to a 
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challenge in predicting commodity prices with accuracy. All this has led to uninformed 
decisions by financial institutions, risky investments by investors and business houses.

Further, in emerging markets like India commodity market plays a crucial role 
in influencing and shaping many macroeconomic variables, decision making by policy 
makers, fiscal planning and trade. India being an emerging economy is heavily reliant 
on import of metals , energy, oil and remains highly vulnerable to external shocks and 
volatility in global commodity prices (Dutta, 2021); (Agnihotri, 2022). India’s com-
modity futures market driven by the Multi Commodity Exchange (MCX) plays a key 
role in discovering price and risk management for important raw materials that affect 
regional production systems and supply chains. Commodity market volatility in India 
goes far beyond financial markets as it directly influences input costs, working capital 
needs and revenue stability for regionally concentrated producer networks, particularly 
energy oriented industries and metal-intensive manufacturing clusters. MCX functions 
within a distinct regulatory and microstructure environment driven by SEBI oversight, 
liquidity concentration in near-month contracts and presence of both hedgers and spec-
ulators. 

These market-focused features make India a key regional setting for examining 
whether traditional and machine learning-based volatility approaches remained effec-
tive under emerging-market conditions.

Volatility in commodity markets is generally modelled by employing traditional 
methods like ARCH and GARCH models. These models are used to examine volatility 
clustering and heteroskedasticity in commodity market prices. But these models come 
with the limitation of linearity and stationarity due to which these models struggle to 
give accurate results under complex conditions (Yilmaz, 2012); (Liu S. Z., 2024). In 
contrast to this, previous literature has witnessed adoption of machine learning models 
like Random Forest model, Long Short-Term Memory (LSTM) networks and XG-
Boost algorithms to increase the predictive accuracy and precision as these models are 
free from rigid assumptions.

This study will try to address these critical gap by performing a comparative 
analysis of traditional and machine learning-based forecasting models for major com-
modities traded in India. The current study also seeks to convey that there is absence 
of long-term integrated model that provides a framework for predicting commodity 
market volatility. Lastly, the paper deals with an emerging economy like India with 
increasing exposure to external commodity volatility thus providing implications at the 
regional level which is missing from existing studies.

LITERATURE REVIEW
In previous studies, dealing with volatility in commodity markets has been the 

key focus, specifically due to global crises, uncertainty and the barriers attached with 
traditional forecasting methods. Academicians have shifted from traditional approach-
es of GARCH to machine learning models and hybrid frameworks as they tend to 
improve forecast accuracy and policy insights.

The origin of volatility modelling is seen in work of (Bollerslev, 1986), who 
introduced the GARCH model that was capable of capturing volatility clustering in 
financial returns. Since then, various EGARCH, TGARCH and GJR-GARCH models 
have evolved. However, these models are not capable of measuring non-linear patterns 
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and structural breaks. Therefore the transition to machine learning models has been 
observed.

(Lili, Xinya, Yanjiao, & Houjian, 2023) made use of LSTM networks on crude 
oil futures and stated that they outperformed ARIMA and GARCH approaches while 
assessing phases of high market fluctuation. Their model was capable of capturing 
long-memory behaviour and performed better in out-of-sample forecasting.

Similarly, (Kristjanpoller & Minutolo, 2016) developed a hybrid artificial neural 
network–GARCH model to forecast oil price volatility. Their results demonstrated that 
the hybrid framework significantly improved forecasting performance compared with 
traditional GARCH models.

Similarly, (Junting, Haifei, Wei, & Xiaojing, 2021) applied XGBoost with 
wavelet decomposition to make forecasting in gold price. Their hybrid approach per-
formed better than SVM and ANN models in terms of RMSE and MAE. They stated 
that hybrid models are more suitable for noisy data conditions than single-method 
approaches.

(Guan & Gong, 2023) proposed a hybrid deep learning model that integrated 
variational mode decomposition (VMD) with bidirectional long short-term memory 
(BiLSTM) networks to predict monthly crude oil prices.

(Liu, Zhang, Wang, & Feng, 2024) developed a hybrid carbon price forecasting 
model that integrates GARCH and LSTM components to capture both conditional het-
eroskedasticity and long-term nonlinear dynamics in China’s carbon trading markets. 
The GARCH–LSTM framework significantly improved predictive accuracy com-
pared with standalone approaches.

The growing utilization of ML techniques for bolstering the precision of vola-
tility projections substantiates the ascendancy of ML methodologies over conventional 
econometric models (Goodell, Kumar, Lim, & Pattnaik, 2021).

(Reboredo & Ugolini, 2016) investigated the dependence structure between oil 
prices and stock market returns and found that the relationship varies across differ-
ent market conditions, highlighting the complex dynamics present in commodity and 
financial markets. (Jakub Michańków, 2023). The study proposed a hybrid volatili-
ty forecasting model combining GARCH specifications with Gated Recurrent Unit 
(GRU) neural networks. The model was tested on financial assets including the S&P 
500 index, gold and Bitcoin. Results showed that hybrid GARCH–GRU models im-
proved volatility forecasting accuracy compared with traditional approaches. (Palic, 
2025) presented a multivariate GARCH (MGARCH/DCC) model of volatility trans-
mission for European Union countries. The transmission mechanism was observed 
across bond, equity and FX markets. These studies served as motivation for including 
machine learning models in this study. 

(Costa, et al., 2021) investigated the use of machine learning techniques such as 
Random Forest, XGBoost and regularization models for oil price forecasting. Using a 
large macroeconomic dataset, the study demonstrated that machine learning methods 
can significantly improve forecasting accuracy compared with traditional econometric 
models. (Kumar, Rao, & Dhochak, 2025) examined the use of hybrid machine learning 
models for volatility prediction in financial risk management. The study integrated tra-
ditional econometric models with machine learning techniques to improve forecasting 
performance. Their findings indicated that hybrid ML frameworks capture nonlinear 

https://www.sciencedirect.com/topics/social-sciences/econometrics
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market dynamics more effectively and provide better volatility prediction than stand-
alone models.

(Araya, Aduda, & Berhane, 2024) examined volatility prediction in financial 
markets using a hybrid modelling framework. The study integrated ARIMA, GARCH 
family models, CNN and BiLSTM networks to improve stock price volatility forecast-
ing. The results showed that the proposed hybrid model significantly reduced forecast-
ing errors (MAE and RMSE) compared to conventional models, demonstrating higher 
accuracy in capturing nonlinear market dynamics.

(Zeda Xu, 2024) The study proposed a hybrid GARCH-Informed Neural Net-
work (GINN) model for improving stock market volatility forecasting. The model 
combines the strengths of traditional GARCH models with the nonlinear learning ca-
pability of LSTM deep neural networks. The results indicated that the hybrid frame-
work captures complex volatility dynamics more effectively than standalone models. 
Empirical findings showed superior out-of-sample forecasting performance in terms of 
R², MSE, and MAE. (Kocaman & Hazar, 2025) recommended use of machine learn-
ing approaches for better forecasting and improving predictions. (Barisic, 2025) also 
employed the use of Random Forest model as a machine learning approach for better 
results. 

Despite using both econometric and machine learning models significant prog-
ress has been made in forecasting commodity price volatility there still remains several 
gaps. Most previous studies focused either on global markets or a single commodi-
ty with limited exploration of cross-commodity behaviour specifically in the Indian 
context. Moreover, while hybrid models like GARCH-LSTM have shown promising 
results there is no consensus on the most efficient admixture or combination. Many 
models have ignored the role of sudden external shocks such as geopolitical events, 
war or policy reforms which are highly relevant in volatile emerging markets. Further-
more, very few past literature has made an attempt to compare traditional and AI-based 
models on the same dataset across different commodity categories (like metals, energy 
and agriculture). These gaps in past studies highlight the need for a comprehensive 
comparative analysis. This study has selected commodity market data of India and 
tried to compare the forecasting performance of traditional and ML-driven models in a 
real-world volatile environment.

Research Objectives and Questions
This study aims to explore the comparative effectiveness of traditional econo-

metric models and modern machine learning techniques in forecasting commodity 
price volatility for selected commodities. This study tries to address the constraints of 
fragmented forecasting approaches by using a uniform evaluation framework across 
different commodities and modelling techniques. 

The focus of this study is to examine which model performs better under situa-
tions of volatility particularly during periods which are influenced by global shocks and 
structural changes. This study also investigates if hybrid approaches such as GARCH–
LSTM could offer improvements over individual models in terms of forecast accuracy 
and in capturing volatility dynamics. In addition, this research tries to identify the 
underlying factors that drive variations in forecasting performance across commodities 
by employing a dimensionality-reduction approach.
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Based on these objectives and the identified research gaps, the study addresses 
the following key questions:

1.	 Which forecasting models-traditional econometric approaches (such as 
GARCH) or machine learning techniques (such as LSTM and Random For-
est) provide better estimates in predicting commodity price volatility?

2.	 Do hybrid models such as GARCH–LSTM significantly outperform their 
standalone counterparts across different commodity including metals, ener-
gy and agriculture?

3.	 What are the prominent drivers of variability influencing forecasting per-
formance across commodities and how do such factors like price volatility, 
external shocks and structural patterns contribute to these differences?

METHODOLOGY
Data Description
This study employed daily price data spanning from January 2003 to December 

2025. Daily data frequency was employed to capture short-term price fluctuations and 
volatility clustering.

This study aims to analyse volatility dynamics in India’s commodity markets. 
The examination considered seven major commodities which are traded on the Multi 
Commodity Exchange (MCX) i.e. gold, silver, crude oil, zinc, copper, lead and alu-
minium. These commodities represent different segments of the Indian commodity 
market, for instance precious metals, energy and base metals. These are also the com-
modities which are widely used by investors, hedgers and policy institutions.

The rationale behind selecting these commodities was they are characterised by 
high sensitivity to external shocks, supply–demand imbalances and speculative trading 
behaviour. 

Data and Continuous Futures Series Construction
In this study, data for all selected commodities are sourced from the Multi Com-

modity Exchange of India (MCX). The final sample period spans over 20 years starting 
from 2003 till 2025. This period spans capturing multiple market phases including 
periods of stability and episodes of high-volatility triggered by global financial crises, 
geopolitical events and commodity-specific shocks. This study did not consider spot 
prices as the purpose was to forecast tradable market volatility where futures contracts 
incorporate liquidity, flow of information and hedging demand. For every selected 
commodity, the front-month (near-expiry) futures contract is used as the base contract 
and a continuous futures return series is constructed using a liquidity-based rolling 
mechanism. The criteria for identifying an active contract is the contract with highest 
trading volume and open interest. 

Further, the series is rolled to the next contract when it becomes more liquid or 
when the current contract approaches expiry to avoid maturity-related price distortions. 

In order to ensure comparability over time, contract specification changes were 
handled by focusing on log-returns. All commodities were aligned on a common MCX 
trading calendar and non-trading days were removed to prevent artificial zero returns. 
If any missing observations were observed due to exchange holidays or temporary 
suspensions, they were treated as non-trading days, maintaining uniformity in data-
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set and comparable dataset across commodities. Table 1 presents the selected MCX 
commodity futures contracts, their market segments, and the rules used for continuous 
series construction.

Table 1. Commodity Futures Contracts Used (MCX)

Commodity MCX Symbol Market Segment Notes on Series Construction

Gold GOLD Precious Metals
Continuous series built using liquidity-
based roll (volume/open interest)

Silver SILVER Precious Metals
Rolled before expiry to avoid maturity 
distortions

Crude Oil CRUDEOIL Energy
Common trading calendar alignment 
applied

Copper COPPER Base Metals
Log-returns used to ensure comparability 
across contract changes

Aluminium ALUMINIUM Base Metals
Non-trading days removed (no 
interpolation)

Zinc ZINC Base Metals
Missing observations treated as non-
trading days

Lead LEAD Base Metals
Rolling procedure prevents artificial jumps 
at expiry

Source: Author’s calculation

Note: The study uses daily settlement prices of MCX commodity futures. A continuous futures 
return series is constructed using a liquidity-based rolling rule where the active contract is defined 
by maximum open interest and volume. Daily returns are computed as r

t
 = ln(P

t
) − ln(P

t-
₁) All 

commodities are aligned to a common MCX trading calendar and non-trading days are excluded.

Volatility Measure and Forecast Target
In order to avoid circular model evaluation, study has not treated any model-implied 

conditional variance as the “true volatility” benchmark. Rather, volatility forecasts have been 
evaluated against a return-based realised proxy constructed directly from observed price move-
ments. Daily log-returns are computed as rₜ = ln(Pₜ) − ln(Pₜ₋₁). In order to capture short-horizon 
volatility clustering while remaining independent of any specific parametric model the primary 
volatility target is considered as 5-day realised variance and explained as RVₜ(5) = Σᵢ₌₀⁴ (rₜ₋ᵢ)²

 For checking robustness we also considered 1-day squared return proxy RVₜ = 
(rₜ)². 

Forecasting and Validation Protocol
Volatility forecasting was conducted by employing rolling-window out-of-sam-

ple design to replicate real-time prediction. The forecasting exercise was applied for 
the horizon h = 1 day ahead and robustness was examined using multi-step forecasts.

Data Transformation & Volatility Construction
To examine volatility dynamics and forecast performance daily price series 

were transformed into return series by using logarithmic differences. The daily return 
for each commodity was calculated as follows:
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rₜ = ln(Pₜ) − ln(Pₜ₋₁) (1)

The mean and conditional variance equations follow the GARCH(1,1) specifi-
cation of Bollerslev (1986)

Where: 
•	 rₜ = μ + εₜ (2) 

εₜ ~ N(0, hₜ) 
•	 hₜ = α₀ + α₁ ε²ₜ₋₁ + β₁ hₜ₋₁ (3)
•	 α₁ + β₁ < 1 (4)

Source: Bollerslev, T. (1986). Generalized autoregressive conditional heteroskedasticity. Journal of 
Econometrics, 31(3), 307–327

Volatility served as the key variable of interest in this study. Volatility is ex-
amined using the return-based realised variance proxy RVₜ(5). Where GARCH-type 
conditional variance was considered only as a model-based benchmark for forecasting 
comparisons and not as the true volatility target.

Forecasting Framework and Experimental Design
The forecasting step is performed using a rolling window framework to repli-

cate real-time market conditions. For every selected commodity, the full sample will 
be divided into an in-sample period which will be used for model estimation and an 
out-of-sample period reserved for forecast evaluation. This will allow the models to 
learn from historical information while being tested on unseen data.

Modeling Techniques
This study employed a comparative modelling approach that involved both 

traditional econometric models and machine learning algorithms. The focus was to 
evaluate their effectiveness in forecasting commodity price volatility. The purpose of 
study is to evaluate how different modelling approaches capture volatility persistence, 
nonlinearity and time-dependent behaviour.

GARCH (Generalised Autoregressive Conditional Heteroskedasticity): 
GARCH model that was introduced by Bollerslev (1986) is explicitly used for mod-
elling and forecasting financial time series with time-varying volatility. This study ap-
plies GARCH models to capture volatility clustering and persistence.

Machine Learning Models: To address the limitations of linearity and distribu-
tional assumptions which are often present in traditional models, this study employed 
machine learning algorithms. These are data-based models and have ability to examine 
complex nonlinear relationships that serve as part of commodity price dynamics. Tech-
niques of Machine learning are presented below:

Random Forest (RF): Random Forest is a technique of machine learning that 
is based on decision trees. It operates by building multiple trees using different subsets 
of data and features, then averaging the results for forecasting and predictions. The 
technique is specifically applied where data patterns are nonlinear and volatile.

BiLSTM (Bidirectional LSTM): Bidirectional Long Short-Term Memory is 
an advanced deep learning model that is designed to learn sequential dependencies in 
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long-term data. Unlike standard LSTM, this model helps in processing data in both 
forward and backward directions which leads to capturing both past and future context.

Hybrid Model (GARCH + LSTM): To combine the strengths of tradition-
al econometric models and deep learning techniques, this study employed a hybrid 
GARCH-LSTM model. This hybrid approach combined the GARCH conditional vari-
ance structure with an LSTM-based learning layer to strengthen nonlinear forecasting 
performance.

Forecast Evaluation Metrics
To measure the accuracy of the selected traditional, machine learning and hy-

brid models two standard statistical metrics were employed: Root Mean Square Error 
(RMSE) and Mean Absolute Percentage Error (MAE). 

RMSE is widely used because of its feature, i.e. it penalises larger forecast er-
rors more heavily. On other hand MAE calculates the average absolute deviation be-
tween observed and predicted values hence providing a scale-consistent and measure 
of forecast accuracy that can be easily interpreted.

Both these evaluation metrics help compare model performance across different 
variables and scales.

Statistical Test of Forecast Superiority
To examine whether differences in forecast performance were statistically 

meaningful, the study applied the Diebold–Mariano (DM) test which relies on out-of-
sample loss differentials.

Feature Selection and Dimensionality Reduction
This study has employed Principal Component Analysis (PCA) as a supple-

mentary analytical tool. It is used to identify the dominant sources of variability that 
influence volatility forecasting across commodities.

Diagnostic and Model Adequacy Tests
Lastly, this study conducted post-estimation diagnostic tests to confirm whether 

estimated GARCH model is valid and adequate. ARCH–LM test is employed to exam-
ine the presence of remaining ARCH effects in the standardised residuals.

RESULTS AND DISCUSSION
The empirical study conducts a preliminary examination of daily return be-

haviour across selected Indian commodities to understand their basic distributional 
characteristics in Table 2.

 This will help in identifying inherent volatility differences across energy and 
metal markets before applying econometric and machine learning models.



819
Časopis za ekonomiju i tržišne komunikacije/ Economy and Market Communication Review
God./Vol. 16  •  Br./No. 3  •  Banja Luka, Septembar/September 2026  •  pp. 811-825

Table 2. Descriptive Statistics of Daily Commodity Returns (2003–2025)

Commodity Mean Return Std. Deviation Skewness Kurtosis

Gold 0.0009 0.0124 0.31 4.12

Silver 0.0011 0.0187 0.45 5.26

Crude Oil 0.0008 0.0219 -0.18 6.34

Zinc 0.0007 0.0163 0.27 4.89

Copper 0.0009 0.0158 0.22 4.65

Lead 0.0006 0.0171 0.35 5.11

Aluminium 0.0005 0.0146 0.19 4.47

Source: Author’s calculation

Table 2 above highlights daily returns across all selected commodities exhibit 
mean values close to zero. While examining standard deviation it could be observed 
that crude oil and silver have the highest volatility. This represents their vulnerability 
to global shocks and speculative activity. Further, for most metals positive skewness 
could be observed suggesting a high probability of extreme positive returns. The value 
of kurtosis across all commodities is greater than 3, indicating series to be leptokurtic 
and suggests the presence of extreme price movements. On the basis of above results 
the use of volatility-based models such as GARCH and nonlinear machine learning 
frameworks could be confirmed.

Next, this study applied GARCH model to examine how previous shocks have 
an effect on current volatility. Results in Table 3 below helped demonstrate how each 
selected commodity behaved when there was a sudden variation in the market.

Table 3. Volatility Dynamics from GARCH Estimates

Commodity Return Volatility ARCH (α) GARCH (β)

Gold 0.001 0.05 0.12 0.85

Silver 0.000 0.03 0.15 0.8

Crude oil 0.001 0.04 0.11 0.87

Zinc 0.000 0.02 0.09 0.88

Copper 0.000 0.02 0.13 0.85

Lead 0.000 0.01 0.12 0.84

Aluminium 0.000 0.02 0.08 0.89

Source: Author’s calculation

Note: Volatility and variance estimates are numerically small at the daily frequency. Values appear 
as 0.00 due to rounding. For clarity, results should be interpreted using coefficient significance and 
relative comparisons rather than the rounded magnitude

While assessing Table 3, it can be witnessed that silver and copper exhibited 
relatively higher α coefficients, which indicated that their volatility is more responsive 
to immediate market shocks. On the other hand, zinc has shown a comparatively lower 
α value, which suggested a weaker reaction to sudden price shocks.
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As observed, β coefficients are consistently high for all commodities particular-
ly for crude oil and zinc. This indicates strong volatility persistence. For crude oil, the 
high β value signals long-term impact of global relations, disruptions in supply chain 
and uncertainty in the energy market. Similar persistence observed in zinc also sug-
gested that prolonged structural factors have influence over base metals. 

Table 4. Out-of-Sample Forecast Accuracy of Econometric Volatility Benchmarks

Commodity
GARCH(1,1) 

Normal (RMSE)
GARCH(1,1) 

Student-t (RMSE)
EGARCH(1,1) 

(RMSE)
GJR-GARCH(1,1) 

(RMSE)
Gold 18.2 17.6 17.3 17.2
Silver 16.8 16.1 15.8 15.7
Crude Oil 22.5 21.7 21.3 21.1
Zinc 17.4 16.9 16.6 16.5
Copper 15.9 15.4 15.1 15.0
Lead 19.1 18.5 18.2 18.0
Aluminium 20.3 19.7 19.4 19.3

Source: author’s calculation

On account of Table 4 it can be concluded that volatility forecasting improved 
significantly when benchmark GARCH model was employed to account for fat tails 
and asymmetry. Compared to the normal GARCH specification, GARCH(1,1) consis-
tently reduced RMSE for all selected commodities confirming that commodity return 
distributions are better captured under heavy-tailed assumptions. Next, this study ap-
plied EGARCH and GJR-GARCH models and results showed the presence of volatil-
ity asymmetry and nonlinear shock effects in commodity markets. Crude oil and alu-
minium demonstrated substantial improvements, where RMSE stood around 1.1–1.4 
points compared to normal GARCH, highlighting higher responsiveness to extreme 
events. These models were applied to serve as a benchmark baseline before doing rel-
ative comparison of hybrid and machine learning models in following tables. 

To assess if deep learning models could improve forecasting performance this 
study employed hybrid models inform of GARCH–LSTM framework. The results are 
presented in table 5 below. 

Table 5. Hybrid Model for volatility: (GARCH + LSTM)

Commodity (GARCH + LSTM) RMSE Volatility (GARCH + LSTM) MAE
Gold 14.5 9.8
Silver 11.7 8.5
Crude oil 18.9 14.2
Zinc 13.3 10.7
Copper 12.8 10.3
Lead 15.4 12.6
Aluminium 15.9 13.4

Source: Author’s calculation

Note: Volatility proxy values are numerically small at the daily frequency. Therefore, performance 
metrics are reported with consistent rounding and scaling for readability, without affecting 
comparative rankings across models



821
Časopis za ekonomiju i tržišne komunikacije/ Economy and Market Communication Review
God./Vol. 16  •  Br./No. 3  •  Banja Luka, Septembar/September 2026  •  pp. 811-825

As evident, silver and copper have recorded the lowest forecast errors, indicat-
ing that the hybrid model is specifically effective for commodities where volatility is 
driven by short-term shocks. Gold is also seen to show relatively strong performance 
under the hybrid framework again indicating its dual role one as a safe-haven asset 
and second actively traded commodity. In contrast, crude oil remains the most difficult 
commodity to forecast and it is reflected by the highest RMSE and MAE values it 
possesses. These results are expected, given that oil prices are heavily influenced by 
global conflicts, supply-side disruptions and geo-political interventions. Lastly and in-
terestingly, aluminium and lead are seen to exhibit high forecast errors despite the use 
of a hybrid approach. These findings highlight that volatility is not only persistent, as 
indicated by earlier GARCH results but they are highly influenced by structural factors 
such as long-term industrial cycles and supply chain rigidities.

This study further tries to evaluate whether standalone machine learning mod-
els are capable of providing additional gains in forecasting accuracy. Therefore, this 
section compares the performance of Random Forest, BiLSTM and XGBoost models 
across selected commodities. The results are showcased in Table 6. 

Table 6. Machine Learning Models

Commodity Model RMSE MAE

Gold Random forest 15.2 10.5

Silver Random forest 12.8 9.2

Crude oil Random forest 20.3 15.6

Zinc BiLSTM 14.5 12.1

Copper BiLSTM 13.9 11.7

Lead BiLSTM 16.7 13.3

Aluminium XGBoost 18.1 14.8

Source: Author’s calculation

Note: Volatility proxy values are numerically small at the daily frequency. Therefore, performance 
metrics are reported with consistent rounding and scaling for readability, without affecting 
comparative rankings across models

Some interesting results from Table 6 are that no single model performed best 
for selected variables. For gold, silver and crude oil best results were showcased by 
Random Forest model.

For metals like copper, zinc and lead BiLSTM gave best results. As the main 
strength of BiLSTM lies in detecting trends over time. This test goes well with base 
metals as they respond to slow-moving demand or supply signals.

For aluminium XGBoost out-performed other methods as XGBoost is designed 
to work well when there are strong nonlinear trends and interactions in the dataset. 
Overall it can be concluded that machine learning models show flexibility but their ef-
fectiveness depends on the behaviour of commodity and on which type of commodity 
is being predicted.

Now to further examine why forecasting performance differs across commod-
ities and models, Principal Component Analysis (PCA) was employed in Table 7 as 
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an interpretative tool. Principal Component Analysis was performed on standardised 
volatility and shock-related variables using eigenvalue decomposition. Components 
with eigenvalues greater than unity were retained.

Table 7. Principal component Analysis

Principal 
component

Eigenvalue
Explained 

variance (%)
Cumulative 

Variance (%)
Key variables

PC1 4.01 57.4 57.2
Price 

volatility(gold, oil)

PC2 1.60 22.8 80.1
External Shocks 
(crises events)

Source: Author’s calculation

Table 7 shows that first principal component (PC1) demonstrated over 57% of 
the total variance. It can also be observed that this was mostly driven by the volatility 
in gold and crude oil.

Further PC2 explains around 23% of variance. PC2 captured the effect of global 
shocks and changes in policy events showing that models react differently when un-
certain events occur.

To evaluate whether the observed differences in forecast accuracy are statistical-
ly significant, the Diebold–Mariano (DM) test is employed under Table 8. 

Table 8. Diebold–Mariano (DM) Test for Forecast Superiority (Out-of-Sample)

Commodity Model A (Best)
Model B 

(GARCH(1,1))
DM 

Statistic
p-value Inference

Gold Random Forest GARCH(1,1) -2.41 0.016
Model A significantly 

better (5%)

Silver Random Forest GARCH(1,1) -2.88 0.004
Model A significantly 

better (1%)

Crude Oil
Hybrid 

(GARCH+LSTM)
GARCH(1,1) -2.02 0.043

Model A significantly 
better (5%)

Zinc BiLSTM GARCH(1,1) -1.96 0.050 Weak significance (10%)

Copper BiLSTM GARCH(1,1) -1.71 0.087 Not significant (5%)

Lead BiLSTM GARCH(1,1) -2.12 0.034
Model A significantly 

better (5%)

Aluminium XGBoost GARCH(1,1) -1.59 0.112 Not significant (5%)

Source: Author’s calculation

As evident from table 8, the Diebold–Mariano (DM) test results confirmed the 
observed forecasting gains of advanced models over the GARCH(1,1) framework. For 
gold, the Random Forest model significantly outperformed GARCH. The strongest 
evidence was observed for silver. For crude oil, the hybrid (GARCH+LSTM) model 
remained significantly better than GARCH showcasing that combining linear volatility 
structure with nonlinear learning provided robust gains specifically for energy market 
uncertainty.
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For base metals, mixed and commodity-specific findings can be witnessed. Lead 
showed significant advancement with BiLSTM whereas Zinc provided only marginal 
evidence recommending weak significance at conventional levels. 

In contrast, the improvements for copper and aluminium were not found to be 
statistically significant at 5%, indicating that while ML models may help in reducing 
forecast error the advantage over GARCH is not suffice to rule out sampling variation. 
Overall, the DM test supported that forecast superiority of ML and hybrid models are 
statistically robust for gold, silver and crude oil.

CONCLUSION
This study examined the forecasting capabilities of both traditional economet-

ric approaches and advanced machine learning frameworks across seven key selected 
commodities in the Indian commodity futures market. This study employed daily data 
from 2003 to 2025 and examined GARCH-based benchmarks, Random Forest, BiL-
STM, XGBoost and a hybrid GARCH–LSTM framework by making use of out-of-
sample performance measures. To assess the Forecast accuracy we employed RMSE 
and MAE with the volatility target defined through a return-based realised variance 
proxy to ensure a consistent evaluation setting across all models.

The findings consistently indicated that machine learning and hybrid approach-
es outperformed the traditional GARCH benchmark in predictive accuracy specifically 
for commodities that were characterised by non-linear dynamics and periods of height-
ened global uncertainty. 

GARCH models captured volatility persistence quite effectively but they re-
mained less sensitive to sudden regime shifts. 

On the other hand, BiLSTM and Random Forest models showcased ability of 
these models to learn time-dependent relationships and handle volatility patterns with 
more accuracy. Further, the hybrid GARCH–LSTM model provided balanced perfor-
mance particularly for crude oil, which was being influenced by both linear volatility 
structure and nonlinear shocks.

Lastly, Principal Component Analysis demonstrated that volatility intensity, 
market disruptions and calendar-related effects were main contributors to forecasting 
variation. The findings also indicated that model performance was largely commod-
ity-specific rather than generic in nature. From a policy perspective, better volatility 
forecasting can help in better hedging strategies, better decision-making and risk moni-
toring for sectors that are largely commodity-dependent. To further enhance the robust-
ness subsequents analyses can be extended to performing analysis using high-frequen-
cy volatility measures and regime-dependent forecasting designs. 

The findings of this study provide important recommendations for policymakers 
and regulatory institutions. As observed machine learning and hybrid models consis-
tently performed better in comparison to traditional econometric models suggesting 
the need for India to gradually shift towards forecasting systems that are more adaptive 
and accurate.

Currently, India is relying heavily on forecasting models that are conventional 
but timely efforts by governing bodies like NITI Aayog and the Reserve Bank of In-
dia could adopt AI-based techniques for enhanced predictions not just for commodity 
markets but also financial markets. The findings of this study support these initial steps 



824

 
Ivana Miklošević 

FORECASTING COMMODITY MARKET VOLATILITY: A COMPARATIVE ANALYSIS OF TRADITIONAL AND MACHINE LEARNING MODELS

and encourages the integration of machine learning techniques into commodity price 
forecasting at a large scale.

Lastly, India could also gain from including AI-driven systems within platforms 
run by SEBI, the Ministry of Commerce as it would significantly enhance India’s abil-
ity to detect and respond to sudden shocks and emerging financial risks.
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