


MULTIVARIATE ANALYSIS OF THE VOLATILITY TRANSMISSION OF COMMODITY MARKET AND FINANCIAL MARKETS IN NIGERIA

Abstract
This study examined the multivariate volatility transmission among selected commodity and financial markets in Nigeria, using daily observations on Brent crude oil, copper, gold, natural gas, exchange rate and stock market returns covering December 29, 2009 to November 7, 2025. The study examined the volatility and covariance transmission structure, estimated own-market and cross-market volatility spillovers, and assessed volatility persistence across the selected markets. The study adopted an ex-post facto research design and employed VECH-MGARCH and BEKK-GARCH models to capture the dynamic behaviour of conditional variances, covariances and volatility transmission. The results revealed substantial volatility clustering and non-normality in all the return series, with natural gas recording the highest standard deviation, while gold recorded the lowest. The VECH-MGARCH results showed significant own-market volatility effects across the markets, with the Nigerian stock market exhibiting the strongest immediate response to recent shocks, while the GARCH components indicated considerable persistence in volatility. Cross-market effects were also observed, including positive and negative transmission patterns among selected commodity, exchange-rate and stock-market pairs. The BEKK-GARCH results further confirmed significant own-market ARCH effects, ranging from 0.2159 for gold to 0.3037 for the stock market, while GARCH effects ranged from 0.8788 for natural gas to 0.9323 for gold. The combined persistence estimates exceeded unity across all six markets, ranging from 1.0986 for natural gas to 1.2235 for the exchange rate, indicating strong persistence but also raising an important model-stability consideration. Despite the evidence of persistent volatility and cross-market covariance dynamics, the estimated conditional correlations were generally very small, with the largest reported value being 0.0366 between copper and gold, suggesting weak contemporaneous linear co-movement among the markets. The study therefore concludes that the selected Nigerian commodity and financial markets exhibit substantial volatility persistence and identifiable cross-market transmission.
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INTRODUCTION
Commodity and financial markets are increasingly interconnected, making volatility transmission an important concern for economies that depend heavily on commodities and external financial flows. Nigeria's macroeconomic and financial structure remains deeply intertwined with the fortunes of global commodity markets, given that crude oil alone accounts for the overwhelming share of the country's export earnings and government revenue, while gold, copper, and natural gas increasingly shape investor sentiment and portfolio allocation decisions across emerging markets. This dependence exposes the Nigerian stock market and the naira exchange rate to recurring bouts of turbulence whenever commodity prices swing sharply, as has been evident during episodes such as the 2020 oil price collapse, the post-pandemic commodity rally, and the 2023–2024 foreign exchange unification shock. Because these shocks rarely originate from a single source, price movements in Brent crude, copper, gold, and natural gas often move together and transmit volatility simultaneously into the stock market and the exchange rate, creating a web of interdependence that a study of any one commodity in isolation cannot adequately capture. A disturbance originating in one market may therefore spread to another, affecting asset prices, investment decisions, portfolio risk and the broader stability of financial markets. 
Recent empirical studies such as Adi et al. (2022), using a VAR-AGARCH model and daily Nigerian data, found bidirectional volatility spillovers between oil prices and the naira exchange rate, with evidence of asymmetric shocks in some market pairs. Similarly, Okorie and Lin (2022) reported bidirectional volatility spillovers between Nigerian stocks and both Brent and WTI crude oil markets, alongside significant asymmetric effects. More recent evidence by Hassan et al. (2024) indicates that volatility and return transmission also extends beyond crude oil, with significant transmission from Brent oil and natural gas markets to the Nigerian Exchange Group, highlighting the exposure of the domestic stock market to external commodity-market shocks. In addition, Ben Flah et al. (2025), examining commodity and stock-market spillovers in African markets including Nigeria, found evidence of linkages between commodity-price volatility and stock-market movements during the 2020–2021 period. Likewise, Ben Salem et al. (2024) found that oil–exchange-rate volatility linkages changed during the COVID-19 pandemic and the Russia–Ukraine war, with exchange rates becoming more sensitive to oil shocks during crises, while Shittu et al. (2019) investigated Nigerian stock market volatility alongside selected economic indicators using multivariate GARCH models, reporting links between exchange-rate, inflation and stock-return volatility. These studies collectively confirm that financial and commodity markets have become increasingly interconnected and that volatility transmission is an important source of systemic risk. However, much of the existing Nigerian literature has concentrated on individual market pairs, particularly oil–exchange rate or oil–stock relationships. This leaves room for a broader multivariate assessment that considers several commodity and financial markets simultaneously and examines the pattern of volatility transmission and changing interdependence across the markets. It is on this note that this study sought to investigate the multivariate analysis of the volatility transmission of commodity market and financial markets in Nigeria. The following objectives will guide the study:
i. examine the volatility and covariance transmission structure
ii. estimate the own-market and cross-market volatility spillovers among Brent crude oil, copper, gold, natural gas, exchange rate, and stock market returns.
iii. examine the persistence across the selected commodity and financial markets in Nigeria .
iv. estimate the conditional-correlation across the selected commodity and financial markets in Nigeria .
Watard et al. (2024) examined volatility spillovers among emerging African stock exchanges over 2018–2023 using univariate and multivariate GARCH models. They identified persistent own-market volatility and asymmetric reactions to information in several exchanges, underscoring the importance of market-specific dynamics and cross-market connectedness in African financial markets.
Idris et al. (2026) examined crude oil price volatility and Nigerian stock market performance using realised volatility, GARCH, OVX and EGARCH measures. Their results indicated that these oil-volatility measures did not independently have statistically significant effects on Nigerian stock market performance, suggesting the need to consider other macroeconomic and market-specific transmission channels.
Ibrahim et al. (2024) studied exchange-rate volatility spillovers between Nigeria and the BRICS economies using multivariate VECH, diagonal BEKK and constant conditional correlation models. The study found evidence of exchange-rate shock transmission and highlighted the usefulness of multivariate GARCH specifications for assessing own-market and cross-market volatility dynamics.
Malik and Ewing (2009) applied bivariate GARCH models to examine volatility transmission between oil prices and five United States equity sectors. They found significant transmission of shocks and volatility between oil prices and some sector returns, illustrating how commodity-market disturbances can affect sector-specific financial risk.
Lateef (2026) investigated remittance flows and exchange-rate volatility in Nigeria using a GARCH-MIDAS model that incorporates geopolitical risk and economic policy uncertainty. The findings suggest that remittance inflows can amplify exchange-rate volatility when uncertainty is elevated, emphasizing the importance of macroeconomic conditions in explaining currency-market risk.

METHODOLOGY
The research design used in this study is expost-facto. This is because the research variables data are past events. The data was gotten from international commodity prices for variables Brent crude oil, copper, gold, and natural gas was obtained from recognized global financial databases, while exchange rate data was sourced from the Central Bank of Nigeria (CBN) while stock market data was obtained from the Nigerian Exchange Group (NGX). The study covers the period December 29, 2009 to November 7, 2025.  To achieve ARCH effect, the study adopted Lagrange Multiplier (LM) Test with appropriate significant level. Engle (1982) introduced the ARCH framework, and Bollerslev (1986) subsequently extended it to GARCH. The nature of financial econometrics suggests that volatility clustering, persistence, and spillover effects cannot be adequately explained using conventional linear econometric models because financial return series exhibit heteroskedasticity, leptokurtosis, and time-varying correlations. These characteristics have led to the widespread adoption of multivariate Generalized Autoregressive Conditional Heteroskedasticity (MGARCH) models in volatility research. In MGARCH models, the conditional variance and covariance matrices evolve over time, depending on past values of the time series. Among these models, the VECH model was introduced by Bollerslev et al. (1988) to estimate the dynamic behavior of variances and covariances in multiple time series simultaneously. It is named after the vech operator, which takes a symmetric matrix and returns a vector containing only the elements from the lower triangle, including the diagonal (uses the vech operator to stack the unique elements of the conditional covariance matrix Ht into a vector and models it as a linear function of lagged vech of squared errors and lagged vech of Ht​). This allows the model to handle the covariance matrix efficiently in vector form.  The BEKK-GARCH model proposed by Engle and Kroner (1995) has become one of the most used approaches for estimating volatility spillovers because it guarantees the positive definiteness of the conditional covariance matrix while simultaneously capturing bidirectional shock and volatility transmission among financial assets. Generally, MGARCH model can be represented as:
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Where:
n × 1 vector of log returns of n assets at time t.

  n × 1 is the vector of residuals (errors) at time t,  n × 1 vector of the expected value of the conditional 
 n × n matrix of conditional variances at time t.
 Any n × n matrix at time t such that is the conditional variance matrix of .  could be gotten by Cholesky factorization of 
 where   is a vector of independent and identically distributed errors (often assumed to be normal or t-distributed), and ​ is the conditional covariance matrix at time t.
 is an   n × 1 vector of iid errors such that   and 
Just like in the single-variable case, the residuals ( appear to be uncorrelated over time. There are numerous ways to specify the conditional covariance matrix . However, as the number of variables (dimension of at) becomes larger, the number of parameters in  increases exponentially, making estimation computationally challenging, especially for large datasets. The conditional covariance matrix  ​ in an MGARCH model depends on past residuals and past covariance terms, and it models how the volatility and correlation evolve over time. 

VECH MODEL
The Vector Error Correction Heteroscedasticity (VECH) model is one of the early multivariate generalized autoregressive conditional heteroscedasticity (MGARCH) specifications developed to model the time-varying conditional variances and covariances of several financial return series simultaneously. Let the vector returns from N financial or commodity markets at time t be defined as 
										(3)
Where  represents the return on market i at time t. The conditional mean equation can generally be expressed as 
											(4)
where


respresents the information set available at time t-1, and  is the N x N conditional variance-covariance matrix.
Thus,
								 (5)
Because 
											(6)
The matrix is symmetric. The diagonal elements  represent the conditional variances of the individual return series, while the off-diagonal elements  represent the conditional covariances between return series i and j.
Thus,
(										(7)
and
(										(8)	
The outer product of the innovation vector is
							(9)
This matrix contains the squared innovations and cross-products of innovations that enter the VECH model.
VECH Transformation
Because the conditional variance-covariance matrix is symmetric, only its unique elements need to be estimated. The vech operator, denoted by vech(⋅), stacks the lower triangular elements of a symmetric matrix into a column vector. For instance, for a three-variable system, the vectorization is 

Vech ()  									(10)
Generally, for N variables, the number of unique elements in the conditional variance-covariance matrix is
M= 
General VECH-GARCH(p,q) Model
The general VECH-GARCH model can be expressed as
				(11)
Where 
C=						(12)

and

The standard VECH-GARCH (1,1) model can be written as
					(13)
where:
c is a vector of constant parameters; 
A is the matrix of ARCH coefficients; 
B is the matrix of GARCH coefficients; 
 represents the outer product of lagged innovations; 
​ is the lagged conditional variance-covariance matrix.
The term

captures the effect of past shocks or innovations on current conditional variances and covariances. Similarly,

captures the effect of past conditional variances and covariances on current volatility.

Six-Variable VECH Model
For your study, the six return series can be represented as
										(14)
The innovation vector is
										(15)
6 conditional covariance matrix is
						(16)

										(17)

Likewise, 	
								(18)
Therefore, the complete six-variable VECH-GARCH(1,1) model is
			(19)

BEKK model	
Engle and Kroner (1995) proposed the BEKK-GARCH (p, q) model to address the possibility of non-positive-definite covariance matrices in VEC parameterizations, making it suitable for financial and economic applications involving volatility transmission, portfolio optimization and risk management. Engle and Kroner (1995) used a quadratic form to propose the model without exogenous variables, as shown below:
						(20)
Where C is m x m triangular matrix, which is to ensure  to be definitely positive.
The BEKK (1,1) model is
						  (21)
qn. (3.28) can also be written as 
							(21)
Where 
  								(22)
is the conditional covariance matrix
C =  								(23)
is a lower triangular matrix,
A = (aij) M x M
is the ARCH parameter matrix,
and 
B = (bij) M x M
is the GARCH parameter matrix
The model will be stationary if and only if the eigenvalue of  + are in the unit circle where  the Kronecker product of two matrices.

Parameter Estimation of BEKK GARCH 
Assume
N(0, )
Therefore, 
							(24)
Suppose there are T observations; the joint likelihood function is 
										(25)
Substituting the multivariate normal density
							(26)
Taking logarithms,
											(27)
Hence,
					(28)
The maximum likelihood estimator is 
										(29)
Or 
										(30)
The first order conditions are 
								      		  	(31)
The Hessian matrix is
									     	 	 (32)
The estimated covariance matrix of the parameters is 
								    	  	 (33)
The standard error is 
								     	  	 (34)
The score vector is 
                       									(35)
Using matrix calculus
				     		(36)

Six-Variable BEKK Model
For your study, the six return series can be represented as
										(37)
The innovation vector is
									        (38)
 conditional covariance matrix is
 						(39)
The BEKK-GARCH(1,1) model is
							(40)

Where 
			

RESULTS AND DISCUSSION
Table 1: Descriptive Statistics of the Log Return on the Series
	
	DEXR
	DCOPP
	DBCOP
	DGOLDP
	DNGAS
	DSTOCKP

	 Mean
	 0.027576
	 0.004669
	-0.002444
	 0.013907
	 0.000815
	 0.017086

	 Median
	 0.000000
	 0.010479
	 0.033575
	 0.015520
	 0.000000
	 0.008571

	 Maximum
	 15.19555
	 5.354618
	 8.285210
	 2.508208
	 12.75657
	 4.065005

	 Minimum
	-4.563182
	-10.81626
	-12.14989
	-4.260638
	-9.264614
	-27.33897

	 Std. Dev.
	 0.576641
	 0.640314
	 0.964476
	 0.443484
	 1.495322
	 0.640815

	 Skewness
	 9.319362
	-1.227618
	-0.911323
	-0.580071
	 0.195784
	-21.40163

	 Kurtosis
	 216.1159
	 25.84142
	 20.05872
	 8.535212
	 8.498737
	 871.8872


Table 1 shows that the mean returns of exchange rate, Brent crude oil, copper, gold, natural gas and stock market index return series are close to zero, which is typical in financial return series. The descriptive statistics in the table summarize the distributional characteristics of the daily returns of the exchange rate (DEXR), copper (DCOPP), Brent crude oil (DBCOP), gold (DGOLDP), natural gas (DNGAS), and stock market (DSTOCKP) series. The results provide information on the central tendency, dispersion, asymmetry, and tail behaviour of the returns, which are important preliminary characteristics for subsequent multivariate volatility modelling.
The mean returns are generally small across the six markets. DEXR recorded the highest positive mean return of 0.027576, followed by DSTOCKP (0.017086) and DGOLDP (0.013907). DCOPP and DNGAS recorded relatively small positive mean returns of 0.004669 and 0.000815, respectively, while DBCOP recorded a slightly negative mean return of −0.002444. The generally small magnitude of the means suggests that average returns were relatively modest over the sample period. The differences between the means and medians also suggest that the return distributions are not perfectly symmetric. The standard deviations reveal substantial differences in volatility across the markets. DNGAS recorded the highest standard deviation at 1.495322, indicating the greatest unconditional variability among the six series. DBCOP followed with 0.964476, while DSTOCKP, DCOPP and DEXR recorded standard deviations of 0.640815, 0.640314 and 0.576641, respectively. DGOLDP had the lowest standard deviation at 0.443484. These differences indicate that the markets do not exhibit identical levels of risk and variability. In particular, the relatively high dispersion of natural gas and Brent crude returns suggests greater fluctuations in these commodity markets during the study period. The minimum and maximum values further demonstrate the occurrence of substantial price or return movements. DEXR ranged from −4.563182 to 15.19555, while DCOPP ranged from −10.81626 to 5.354618. DBCOP recorded values between −12.14989 and 8.285210, and DGOLDP ranged from −4.260638 to 2.508208. DNGAS experienced movements between −9.264614 and 12.75657, whereas DSTOCKP recorded the widest range, from −27.33897 to 4.065005. The large differences between the extreme observations and their respective means indicate the presence of substantial market shocks and unusually large return movements, characteristics that are relevant for volatility modelling.  The skewness statistics indicate pronounced asymmetry in most of the return distributions. DEXR has a strongly positive skewness of 9.319362, indicating a long right tail and the presence of unusually large positive observations. In contrast, DCOPP (−1.227618), DBCOP (−0.911323), DGOLDP (−0.580071) and DSTOCKP (−21.40163) are negatively skewed, indicating longer or heavier left tails. DNGAS has a relatively small positive skewness of 0.195784, suggesting a distribution that is closer to symmetry compared with the other series. The exceptionally large negative skewness of DSTOCKP indicates that extreme negative returns exert a particularly strong influence on its distribution. The kurtosis statistics are substantially greater than the normal-distribution benchmark of 3 for all six series. DEXR has a kurtosis of 216.1159, DCOPP 25.84142, DBCOP 20.05872, DGOLDP 8.535212, DNGAS 8.498737, and DSTOCKP an exceptionally high 871.8872. These values indicate leptokurtic distributions, characterized by heavier tails and a greater incidence of extreme observations than would be expected under a normal distribution. The extremely high kurtosis of DEXR and particularly DSTOCKP suggests the presence of substantial outliers or extreme market movements.



Table 2: Individual ARCH Components
	Residual Component
	R²
	F-statistic
	F p-value
	Chi-square
	Chi-square p-value
	Decision

	res1 × res1
	0.0707
	4.661
	0.0000
	286.207
	0.0000
	Significant ARCH

	res2 × res2
	0.0165
	1.025
	0.4222
	66.604
	0.4216
	Not Significant

	res3 × res3
	0.0193
	1.202
	0.1293
	77.914
	0.1307
	Not Significant

	res4 × res4
	0.0296
	1.865
	0.0000
	119.564
	0.0000
	Significant ARCH

	res5 × res5
	0.0121
	0.752
	0.9305
	49.111
	0.9288
	Not Significant

	res2 × res1
	0.0223
	1.394
	0.0207
	90.066
	0.0215
	Significant

	res3 × res1
	0.0379
	2.412
	0.0000
	153.326
	0.0000
	Significant

	res3 × res2
	0.1032
	7.046
	0.0000
	417.527
	0.0000
	Significant

	res4 × res1
	0.0284
	1.792
	0.0001
	115.023
	0.0001
	Significant

	res4 × res2
	0.0205
	1.28
	0.0654
	82.873
	0.0667
	Not Significant (5%)

	res4 × res3
	0.0487
	3.133
	0.0000
	196.941
	0.0000
	Significant

	res5 × res1
	0.038
	2.418
	0.0000
	153.718
	0.0000
	Significant

	res5 × res2
	0.0126
	0.781
	0.9012
	50.93
	0.8991
	Not Significant


Top of Form

The results show that the own ARCH effects are statistically significant for res1 × res1 and res4 × res4, with F-statistic probabilities of 0.0000 and Chi-square probabilities of 0.0000. This indicates the presence of significant conditional heteroskedasticity in these two residual components, implying that their current volatility is influenced by information contained in previous periods. In contrast, res2 × res2, res3 × res3, and res5 × res5 have p-values greater than 0.05, indicating that their individual ARCH effects are not statistically significant. The cross-residual results provide stronger evidence of interdependence in volatility across the markets. Significant relationships are observed for res2 × res1 (p = 0.0207), res3 × res1 (p = 0.0000), res3 × res2 (p = 0.0000), res4 × res1 (p = 0.0001), res4 × res3 (p = 0.0000), and res5 × res1 (p = 0.0000). These significant cross-products suggest that shocks associated with one market can be related to subsequent volatility movements in another market. However, res4 × res2 (p = 0.0654) is not significant at the 5% level, although it would be considered marginally significant at the 10% level, while res5 × res2 (p = 0.9012) is clearly insignificant.









Table 3: M-matrix from VECH(1,1)-MGARCH Results
	
	DEXR
	DBCOP
	DCOPP
	DGOLDP
	DNGAS
	DSTOCKP

	DEXR
	0.015266
	0.000863
	0.000226
	0.000071
	0.001137
	0.003358

	DBCOP
	0.000863
	0.003495
	-0.000391
	0.000055
	0.012474
	0.000531

	DCOPP
	0.000226
	-0.000391
	0.046152
	0.000285
	-0.004981
	0.007054

	DGOLDP
	0.000071
	0.000055
	0.000285
	0.003573
	-0.000867
	0.003930

	DNGAS
	0.001137
	0.012474
	-0.004981
	-0.000867
	0.010669
	-0.005982

	DSTOCKP
	0.003358
	0.000531
	0.007054
	0.003930
	-0.005982
	0.073439



Table 3 presents the M-matrix obtained from the VECH(1,1)-MGARCH estimation and describes the constant variance and covariance components of the six markets under investigation. The diagonal values show that the stock market (DSTOCKP) has the largest constant variance component at 0.073439, followed by copper (DCOPP) at 0.046152 and the exchange rate (DEXR) at 0.015266, while the corresponding values for natural gas, Brent crude oil and gold are comparatively smaller. This suggests that the markets differ considerably in their baseline level of volatility, with the Nigerian stock market showing the largest constant variance component in the estimated system. The off-diagonal elements, which represent the constant covariance between pairs of markets, are generally very small and include both positive and negative values. For instance, the covariance between DEXR and DBCOP is 0.000863, while that between DEXR and DGOLDP is only 0.000071, indicating weak constant co-movement between these markets. Negative covariance values, such as -0.000391 between DBCOP and DCOPP and -0.005982 between DNGAS and DSTOCKP, indicate that some market pairs tend to move in opposite directions within the constant covariance component.
Table 4: A1 Own ARCH Effects
	
	DEXR
	DBCOP
	DCOPP
	DGOLDP
	DNGAS
	DSTOCKP

	DEXR
	0.102363
	-0.004498
	0.009729
	-0.004799
	-0.016789
	0.026845

	DBCOP
	-0.004498
	0.037407
	-0.017173
	0.008703
	0.054110
	-0.054764

	DCOPP
	0.009729
	-0.017173
	0.179963
	0.040014
	0.046202
	-0.111578

	DGOLDP
	-0.004799
	0.008703
	0.040014
	0.047337
	-0.017857
	0.027971

	DNGAS
	-0.016789
	0.054110
	0.046202
	-0.017857
	0.065371
	0.027357

	DSTOCKP
	0.026845
	-0.054764
	-0.111578
	0.027971
	0.027357
	1.991637



Table 4 reports the A1 own ARCH effects from the VECH(1,1)-MGARCH model and provides information on how recent innovations influence the volatility of each market. The diagonal coefficients indicate that the strongest own-market ARCH response occurs in DSTOCKP, with a coefficient of 1.991637, followed by DCOPP with 0.179963, DEXR with 0.102363, DNGAS with 0.065371, DGOLDP with 0.047337, and DBCOP with 0.037407. The relatively large coefficient for DSTOCKP suggests that volatility in the Nigerian stock market reacts particularly strongly to recent shocks, whereas Brent crude oil records the smallest own ARCH coefficient among the six series. The off-diagonal coefficients reveal that shocks are also transmitted across some markets, although the magnitudes vary and may be either positive or negative. For example, positive cross-market effects are observed between DNGAS and DBCOP (0.054110) and between DCOPP and DGOLDP (0.040014), while negative effects occur between DCOPP and DSTOCKP (-0.111578) and between DEXR and DNGAS (-0.016789).


Table 5: Long-run/constant covariance component Estimated coefficients from the VECH(1,1)-MGARCH Results
	Element
	Coefficient
	p-value
	Significance

	DBCOP Variance
	0.01527
	<0.001
	Significant

	DBCOP/DCOPP
	0.00086
	0.752
	Not significant

	DBCOP/DEXR
	0.00023
	0.9536
	Not significant

	DBCOP/DGOLDP
	7.1E-05
	0.137
	Not significant

	 DBCOP/DNGAS
	0.00114
	0.3121
	Not significant

	DBCOP/DSTOCKP
	0.00336
	0.7072
	Not significant

	DCOPP variance
	0.0035
	<0.001
	Significant

	DCOPP/DEXR
	-0.0004
	0.7001
	Not significant

	DCOPP/DGOLDP
	5.5E-05
	0.6121
	Not significant

	 DCOPP/DNGAS
	0.01247
	0.3126
	Not significant

	DCOPP/DSTOCKP
	0.00053
	0.9236
	Not significant

	DEXR variance
	0.04615
	<0.001
	Significant

	DEXR/DGOLDP
	0.00029
	0.7705
	Not significant

	DEXR/DNGAS
	-0.005
	0.6892
	Not significant

	 DEXR/DSTOCKP
	0.00705
	0.3744
	Not significant

	DGOLDP 
	0.00357
	<0.001
	Significant

	DGOLDP/DNGAS
	-0.0009
	0.4453
	Not significant

	DGOLDP/DSTOCKP
	0.00393
	0.4234
	Not significant

	 DNGAS
	0.01067
	<0.001
	Significant

	DNGAS/DSTOCKP
	-0.006
	0.6479
	Not significant


Table 5 presents the estimated long-run or constant covariance component of the VECH(1,1)-MGARCH model. The diagonal variance coefficients are statistically significant for all six return series, with DBCOP, DCOPP, DEXR, DGOLDP and DNGAS having coefficients of 0.01527, 0.00350, 0.04615, 0.00357 and 0.01067, respectively, all with p < 0.001. This indicates that each market possesses a statistically identifiable baseline component of variance independent of the time-varying cross-market covariance structure. Among the series, DEXR records the largest constant variance component, suggesting relatively greater underlying variability in the exchange-rate return series. In contrast, the cross-market covariance estimates are uniformly statistically insignificant at the 5% level. For example, the DBCOP/DCOPP covariance is 0.00086 (p = 0.752), DBCOP/DEXR is 0.00023 (p = 0.9536), and DEXR/DGOLDP is 0.00029 (p = 0.7705). The negative estimates observed for DCOPP/DEXR, DEXR/DNGAS, DGOLDP/DNGAS and DNGAS/DSTOCKP also fail to attain statistical significance.
Table 6: GARCH or Covariance-Persistence Matrix(B1)
	
	DEXR
	DBCOP
	DCOPP
	DGOLDP
	DNGAS
	DSTOCKP

	DEXR
	0.884665
	0.888500
	0.741018
	0.991116
	0.942606
	-0.517344

	DBCOP
	0.888500
	0.955315
	0.904214
	0.972059
	-0.030837
	-0.295252

	DCOPP
	0.741018
	0.904214
	0.745108
	0.825339
	0.433057
	-0.490408

	DGOLDP
	0.991116
	0.972059
	0.825339
	0.935003
	0.882761
	-0.700109

	DNGAS
	0.942606
	-0.030837
	0.433057
	0.882761
	0.934466
	-0.388063

	DSTOCKP
	-0.517344
	-0.295252
	-0.490408
	-0.700109
	-0.388063
	0.086239


Table 6 reports the B1 matrix, which captures the extent to which previous conditional variances and covariances are carried forward into the current period. The diagonal elements are generally high, particularly for DBCOP (0.955315), DGOLDP (0.935003) and DNGAS (0.934466), indicating substantial dependence of current volatility on its own previous conditional volatility. The exchange-rate series also exhibits considerable persistence, with a diagonal coefficient of 0.884665, while DCOPP records 0.745108 and DSTOCKP records a considerably smaller 0.086239. More importantly, several off-diagonal coefficients are large in magnitude, suggesting that persistence is not confined to individual markets. For instance, the DEXR–DGOLDP coefficient is 0.991116 and the DBCOP–DGOLDP coefficient is 0.972059, indicating strong transmission of lagged covariance information between these pairs. Similarly, DEXR–DNGAS has a coefficient of 0.942606. The negative coefficients involving DSTOCKP, particularly DGOLDP–DSTOCKP (-0.700109), indicate an inverse contribution to the conditional covariance dynamics rather than simply an absence of dependence. 

Table 7: Matrix (P=A1+B1): Volatility Persistence 
	
	DEXR
	DBCOP
	DCOPP
	DGOLDP
	DNGAS
	DSTOCKP

	DEXR
	0.987028
	0.884002
	0.750748
	0.986317
	0.925816
	-0.490500

	DBCOP
	0.884002
	0.992722
	0.887041
	0.980762
	0.023273
	-0.350016

	DCOPP
	0.750748
	0.887041
	0.925071
	0.865353
	0.479259
	-0.601986

	DGOLDP
	0.986317
	0.980762
	0.865353
	0.982340
	0.864904
	-0.672138

	DNGAS
	0.925816
	0.023273
	0.479259
	0.864904
	0.999838
	-0.360706

	DSTOCKP
	-0.490500
	-0.350016
	-0.601986
	-0.672138
	-0.360706
	2.077875


Table 7 combines the ARCH and GARCH components to provide the estimated persistence of volatility and covariance in the VECH specification. The diagonal persistence estimates are high for most of the commodity and financial return series: DEXR records 0.987028, DBCOP 0.992722, DCOPP 0.925071, DGOLDP 0.982340 and DNGAS 0.999838. These estimates imply that volatility shocks tend to remain embedded in the conditional variance for a relatively long period rather than disappearing immediately. Natural gas is particularly notable because its persistence estimate is almost unity, suggesting an exceptionally slow decay of volatility shocks. The cross-market persistence coefficients are also substantial for several pairs, including DEXR–DGOLDP (0.986317), DBCOP–DGOLDP (0.980762), DEXR–DNGAS (0.925816) and DGOLDP–DNGAS (0.864904). 
Table 8: Summary of Own Volatility Effects
	Variables
	ARCH
	GARCH
	Persistence

	DEXR
	0.1024
	0.8847
	0.9870

	DBCOP
	0.0374
	0.9553
	0.9927

	DCOPP
	0.1800
	0.7451
	0.9251

	DGOLDP
	0.0473
	0.9350
	0.9823

	DNGAS
	0.0654
	0.9345
	0.9998

	DSTOCKP
	1.9916
	0.0862
	2.0779


Table 8 provides a concise decomposition of the own-market volatility dynamics into ARCH effects, GARCH effects and overall persistence. The results reveal substantial differences in the immediate response of the individual markets to new shocks. The stock market has the largest ARCH coefficient, 1.9916, indicating a particularly strong sensitivity of its conditional variance to recent innovations. Copper also has a relatively large ARCH coefficient of 0.1800, while exchange rate, natural gas, gold and Brent crude oil record lower immediate shock effects of 0.1024, 0.0654, 0.0473 and 0.0374, respectively. The GARCH coefficients, however, show a different pattern: Brent crude oil has a coefficient of 0.9553, followed by gold at 0.9350, natural gas at 0.9345 and exchange rate at 0.8847. Thus, the markets differ between their responsiveness to new information and their dependence on previously accumulated volatility. The persistence estimates are very high for DBCOP (0.9927), DNGAS (0.9998), DEXR (0.9870) and DGOLDP (0.9823), implying slow dissipation of volatility shocks. DSTOCKP again produces a persistence estimate above unity (2.0779), which is statistically important because it raises a model-stability concern rather than merely indicating stronger persistence. 


















Table 9: Summary of the main covariance persistence effects
	Asset Pair
	ARCH Covariance Effect
	GARCH Covariance Effect

	DEXR–DBCOP
	-0.0045
	0.8885

	DEXR–DCOPP
	0.0097
	0.741

	DEXR–DGOLDP
	-0.0048
	0.9911

	DEXR–DNGAS
	-0.0168
	0.9426

	DEXR–DSTOCKP
	0.0268
	-0.5173

	DBCOP–DCOPP
	-0.0172
	0.9042

	DBCOP–DGOLDP
	0.0087
	0.9721

	DBCOP–DNGAS
	0.0541
	-0.0308

	DBCOP–DSTOCKP
	-0.0548
	-0.2953

	DCOPP–DGOLDP
	0.04
	0.8253

	DCOPP–DNGAS
	0.0462
	0.4331

	DCOPP–DSTOCKP
	-0.1116
	-0.4904

	DGOLDP–DNGAS
	-0.0179
	0.8828

	DGOLDP–DSTOCKP
	0.028
	-0.7001

	DNGAS–DSTOCKP
	0.0274
	-0.3881


Table 9 provides further evidence that volatility dynamics extend beyond individual markets to the relationships between market pairs. The ARCH covariance effects are generally small, with estimates ranging from -0.1116 for DCOPP–DSTOCKP to 0.0541 for DBCOP–DNGAS. This suggests that the immediate cross-market response to newly arriving shocks is relatively modest in most cases. The GARCH covariance effects are much larger for several pairs, indicating that historical covariance plays a more prominent role in determining current cross-market dependence. The strongest positive estimates occur for DEXR–DGOLDP (0.9911), DBCOP–DGOLDP (0.9721), DEXR–DNGAS (0.9426) and DGOLDP–DNGAS (0.8828). These values indicate that previous covariance between the respective markets contributes substantially to their current covariance dynamics. In contrast, the relationships involving the stock market are predominantly negative, including DEXR–DSTOCKP (-0.5173), DGOLDP–DSTOCKP (-0.7001) and DCOPP–DSTOCKP (-0.4904). The pattern implies that the stock market does not simply mirror the persistence behaviour of the commodity and foreign-exchange markets; rather, its conditional covariance dynamics tend to move in an opposite direction for several pairs. Taken together, the results provide evidence of asymmetric patterns in the persistence of cross-market volatility and suggest that historical co-movements are more influential than contemporaneous ARCH-type covariance effects in several market relationships.


Table 10: Estimated ARCH Effects, GARCH Effects and Volatility Persistence from the BEKK-GARCH(1,1) Model
	Variable
	ARCH Effect (Aii)
	Std. Error
	GARCH Effect (Gii)
	Std. Error
	Persistence (Aii + Gii)

	Brent Crude Oil (DBCOP)
	0.2412
	0.0062
	0.9187
	0.006
	1.1599

	Copper (DCOPP)
	0.2636
	0.0139
	0.917
	0.0102
	1.1807

	Exchange Rate (DEXR)
	0.2942
	0.0132
	0.9293
	0.0075
	1.2235

	Gold (DGOLDP)
	0.2159
	0.0112
	0.9323
	0.0108
	1.1482

	Natural Gas (DNGAS)
	0.2198
	0.0076
	0.8788
	0.0086
	1.0986

	Stock Market (DSTOCKP)
	0.3037
	0.028
	0.883
	0.0212
	1.1868


Table 9 reports the diagonal ARCH and GARCH parameters from the BEKK-GARCH(1,1) model and their combined persistence measures. The ARCH coefficients range from 0.2159 for gold to 0.3037 for the stock market, indicating that recent innovations contribute positively to volatility across all six markets. The stock market has the largest ARCH coefficient, implying the greatest immediate sensitivity to new shocks, whereas gold has the smallest. The GARCH coefficients are also relatively high, ranging from 0.8788 for natural gas to 0.9323 for gold, showing that previous conditional volatility remains an important determinant of current volatility. The exchange-rate series has a GARCH coefficient of 0.9293, while Brent crude oil records 0.9187 and copper 0.9170. When the ARCH and GARCH effects are combined, the reported persistence measures exceed unity for every series, ranging from 1.0986 for natural gas to 1.2235 for exchange rate. The exchange rate therefore has the largest reported combined persistence, while natural gas has the smallest. However, because every Aii + Gii measure exceeds one, these figures should be interpreted with caution. 











Table 11: Estimated BEKK ARCH (A) Matrix
	
	DEXR
	DBCOP
	DCOPP
	DGOLDP
	DNGAS
	DSTOCKP

	DEXR
	0.2412*
	-0.0031
	-0.001
	0.0183
	-0.0494
	0.0212

	DBCOP
	0.0024
	0.2636*
	-0.0206
	0.0325
	0.0152
	0.0856

	DCOPP
	0.0412
	0.0289
	0.2942*
	0.024
	-0.0294
	0.0016

	DGOLDP
	0.0227
	0.0071
	-0.0624
	0.2159*
	-0.0953
	-0.0243

	DNGAS
	0.0135
	0.0031
	-0.0305
	-0.0016
	0.2198*
	0.0293

	DSTOCKP
	0.1079
	0.0032
	-0.0985
	-0.0394
	-0.0699
	0.3037*

	
	
	
	
	
	
	


Note: *** denotes statistically significant diagonal (own ARCH) effects based on the estimated t-statistics (|t| > 1.96).


Table 11 presents the full BEKK ARCH matrix, thereby extending the analysis beyond the diagonal own-market effects. The significant diagonal elements are 0.2412 for DEXR, 0.2636 for DBCOP, 0.2942 for DCOPP, 0.2159 for DGOLDP, 0.2198 for DNGAS and 0.3037 for DSTOCKP. These diagonal terms represent the direct contribution of recent innovations to each market's conditional variance and confirm that all six markets possess meaningful own-shock effects. The off-diagonal elements provide information on how shocks in one market contribute to volatility in another. For example, the DEXR–DGOLDP element is 0.0183, while the DEXR–DNGAS element is -0.0494, suggesting different directions of cross-market shock transmission. Similarly, the DBCOP–DNGAS element is 0.0152, whereas DCOPP–DGOLDP is -0.0294. Some of the largest cross-effects in absolute magnitude occur in relationships involving the stock market, such as DGOLDP–DSTOCKP (-0.0243) and DEXR–DSTOCKP (0.0212), although the table's significance note specifically identifies the diagonal own-ARCH coefficients as statistically significant. 

Table 12: The Variable ARCH Effect
	Variable
	ARCH Effect (Aii)
	Standard Error
	
	t-statistic
	p-value
	Decision

	DEXR
	0.2412
	0.0062
	
	38.62
	<0.001
	Significant

	DBCOP
	0.2636
	0.0139
	
	18.98
	<0.001
	Significant

	DCOPP
	0.2942
	0.0132
	
	22.23
	<0.001
	Significant

	DGOLDP
	0.2159
	0.0112
	
	19.29
	<0.001
	Significant

	DNGAS
	0.2198
	0.0076
	
	28.82
	<0.001
	Significant

	DSTOCKP
	0.3037
	0.0280
	
	10.83
	<0.001
	Significant



Table 12 provides the formal statistical test of the own-market ARCH effects in the BEKK model. All six coefficients are statistically significant at the 1% level, as their reported p-values are less than 0.001. The estimated effects are 0.2412 for DEXR, 0.2636 for DBCOP, 0.2942 for DCOPP, 0.2159 for DGOLDP, 0.2198 for DNGAS and 0.3037 for DSTOCKP. The corresponding t-statistics are 38.62, 18.98, 22.23, 19.29, 28.82 and 10.83, respectively, all substantially greater than the conventional absolute critical value of 1.96. This provides strong statistical evidence that recent innovations significantly influence subsequent volatility in each of the six markets. The stock market has the largest estimated ARCH coefficient, suggesting the strongest immediate response to new shocks, while gold has the smallest coefficient. 


Table 13: Estimated BEKK Constant (C) Matrix
	
	DEXR
	DBCOP
	DCOPP
	DGOLDP
	DNGAS
	DSTOCKP

	DEXR
	0.2231
	0
	0
	0
	0
	0

	DBCOP
	0.0711
	0.1813
	0
	0
	0
	0

	DCOPP
	0.008
	0.0147
	0.1098
	0
	0
	0

	DGOLDP
	-0.002
	0.0135
	-0.105
	0.0485
	0
	0

	DNGAS
	-0.036
	0.0984
	-0.158
	0.0957
	0.3748
	0

	DSTOCKP
	0.0257
	-0.077
	-0.118
	-0.266
	0.0372
	0.0037


Table 13 reports the estimated lower-triangular constant matrix CC used in the BEKK specification. The matrix is important because it provides the constant component from which the positive-definite conditional covariance matrix is constructed. The diagonal elements are 0.2231 for DEXR, 0.1813 for DBCOP, 0.1098 for DCOPP, 0.0485 for DGOLDP, 0.3748 for DNGAS and 0.0037 for DSTOCKP. The relatively larger diagonal element for DNGAS indicates a comparatively stronger constant scale component in the covariance structure, whereas the very small value for DSTOCKP suggests a much smaller constant contribution to its conditional variance after accounting for the dynamic terms. The off-diagonal elements also show both positive and negative associations in the underlying covariance parameterization. For example, the DEXR-related elements are largely zero because of the lower-triangular structure, while the DSTOCKP row contains values such as -0.077, -0.118 and -0.266. 
Table 14: Estimated BEKK GARCH (G) Matrix
	
	DEXR
	DBCOP
	DCOPP
	DGOLDP
	DNGAS
	DSTOCKP

	DEXR
	0.9187
	-0.023
	-0.004
	-0.0152
	-0.0002
	-0.0424

	DBCOP
	-0.0042
	0.917
	-0.030
	-0.0414
	-0.1012
	-0.015

	DCOPP
	0.0028
	0.0275
	0.9293
	-0.0147
	0.0024
	0.0087

	DGOLDP
	0.0444
	0.0465
	0.0648
	0.9323
	-0.1089
	0.0123

	DNGAS
	0.0207
	0.0231
	0.0231
	0.0161
	0.8788
	-0.0128

	DSTOCKP
	0.0188
	0.0431
	0.053
	0.0382
	0.0218
	0.883


Table 14 reports the BEKK GARCH matrix, which captures the role of past conditional covariance and volatility in explaining current covariance dynamics. The diagonal elements are all relatively large: 0.9187 for DEXR, 0.9170 for DBCOP, 0.9293 for DCOPP, 0.9323 for DGOLDP, 0.8788 for DNGAS and 0.8830 for DSTOCKP. These estimates demonstrate that previous conditional volatility is an important component of current volatility across the markets. Gold has the largest diagonal GARCH coefficient, followed closely by copper and exchange rate, indicating particularly strong dependence on historical volatility. Natural gas has the lowest diagonal coefficient, although its value remains substantial. The off-diagonal elements show that historical covariance can also be transmitted across markets. For instance, the DEXR–DBCOP element is -0.023, while the DBCOP–DGOLDP element is -0.0414 and the DGOLDP–DNGAS element is -0.1089. These signs indicate the direction of the contribution within the covariance parameterization rather than direct correlation coefficients. The overall structure of Table 13 therefore supports the view that volatility in the six-market system has considerable memory, with the GARCH component playing a particularly important role in maintaining conditional volatility from one period to the next.

Table 15: Estimated Conditional Correlation Matrix from the BEKK-GARCH Model
	Variables
	DEXR
	DBCOP
	DCOPP
	DGOLDP
	DNGAS
	DSTOCKP

	DEXR
	1
	0.0014
	-0.018
	0.0122
	-0.002
	0.0074

	DBCOP
	0.0014
	1
	0.005
	0.0092
	0.0019
	-0.0058

	DCOPP
	-0.018
	0.005
	1
	0.0366
	-0.013
	0.0124

	DGOLDP
	0.0122
	0.0092
	0.0366
	1
	-0.019
	-0.0074

	DNGAS
	-0.002
	0.0019
	-0.0133
	-0.019
	1
	0.0112

	DSTOCKP
	0.0074
	-0.006
	0.0124
	-0.0074
	0.0112
	1


Table 15 presents the estimated conditional correlation matrix obtained from the BEKK-GARCH model. The diagonal elements are equal to one, as expected for correlations of each variable with itself. More importantly, the off-diagonal conditional correlations are extremely small in magnitude across all market pairs. The largest positive value reported is approximately 0.0366 for DCOPP–DGOLDP, while other pairwise estimates include 0.0122 for DEXR–DGOLDP, 0.0092 for DBCOP–DGOLDP, 0.0124 for DCOPP–DSTOCKP and 0.0112 for DNGAS–DSTOCKP. Negative values are similarly small, such as -0.019 for DGOLDP–DNGAS and -0.013 for DCOPP–DNGAS. This pattern indicates that, at the estimated conditional-correlation level reported in the table, the six markets exhibit very weak contemporaneous linear co-movement. 


Conclusion
The above result provide a fairly coherent picture of the volatility behaviour of Brent crude oil, copper, exchange rate, gold, natural gas and the Nigerian stock market. The VECH results show that individual markets have significant own-volatility components and that historical volatility and covariance play an important role in determining subsequent uncertainty. The BEKK results reinforce this conclusion: all six markets have statistically significant own ARCH effects, while the GARCH coefficients are generally large, indicating substantial volatility memory. At the same time, the conditional correlations reported in Table 14 are very close to zero, suggesting that strong volatility persistence and transmission can coexist with weak contemporaneous linear correlation. From an investment perspective, this combination is potentially important because low correlation may provide diversification benefits, although persistent volatility means that the risk associated with individual markets can remain elevated for prolonged periods. The most important econometric qualification is the reported persistence above unity in the VECH and BEKK summaries, particularly the stock-market value of 2.077875 in Table 5 and the BEKK diagonal sums exceeding one in Table 8. 
Limitation of the Study



Combining the estimated ARCH  and GARCH  parameters yields persistence measures exceeding unity across all six markets in both the VECH and BEKK specifications (e.g., 2.0779 for stock market persistence in VECH). Sums greater than 1.0 violate standard covariance stationarity conditions and indicate model instability. While the individual variance components are statistically significant, all estimated cross-market long-run/constant covariance terms  in the VECH specification fail to reach statistical significance at the 5% level (p > 0.05). The empirical results present high volatility persistence alongside nearly zero conditional correlations across all asset pairs (with the largest pairwise correlation reaching only 0.0366). This indicates that the models capture internal volatility memory rather than strong linear contemporaneous co-movements. Standard VECH-GARCH and BEKK-GARCH specifications assume symmetric responses to shocks and constant parameter structures over time. They fail to account for leverage effects (asymmetric impacts of positive vs. negative shocks) or potential regime switches during major structural shocks (e.g., policy shifts or commodity collapses).
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