


MULTIVARIATE ANALYSIS OF THE DYNAMIC CORRELATIONS AMONG GLOBAL COMMODITY PRICES, EXCHANGE RATE AND STOCK MARKET RETURNS

Abstract
This study examined the dynamic correlations among global commodity prices, exchange rate and stock market returns in Nigeria. The study was prompted by the necessity to comprehend the evolution of the relationships among global commodity and financial markets over time, particularly during periods of economic and financial uncertainty, and the growing integration of these systems. The research design was ex-post facto, utilizing daily secondary data from the Central Bank of Nigeria, Nigerian Exchange Group, and recognized global financial databases for the period from 29 December 2009 to 7 November 2025. The research utilized a multivariate t-distribution-based Dynamic Conditional Correlation-Generalized Autoregressive Conditional Heteroskedasticity (DCC-GARCH) model and a Vector Autoregressive (VAR) model. The VAR lag-selection criteria selected a one-period lag, but the results indicated significant short-run interactions involving copper and gold returns in the Brent crude oil equation, lagged natural gas returns in the natural gas equation, and lagged natural gas and stock market returns in the Nigerian stock market equation. The DCC-GARCH results showed substantial volatility persistence across the six markets, with persistence coefficients of 0.9864 for Brent crude oil, 0.9811 for gold, 0.9990 for natural gas, 0.9922 for copper, 0.9109 for stock market returns and 0.9990 for the exchange rate. The estimated DCC parameters were statistically significant, with the correlation innovation coefficient of 0.00668 and the correlation persistence coefficient of 0.99041, confirming that the conditional correlation structure changes in response to new information but remains highly persistent over time. The results further showed that correlations varied considerably across market pairs, with average correlations ranging from -0.0972 between natural gas and exchange rate returns to 0.2164 between gold and copper returns. The correlations also moved between negative and positive values over the study period, confirming that the relationships were dynamic rather than constant. The study concludes that global commodity prices, exchange rate and Nigerian stock market returns are interconnected through time-varying and persistent correlation structures. 
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Introduction
Financial markets across the world have become increasingly integrated due to globalization, technological advancement, financial liberalization, and the rapid movement of capital across national borders. This integration has significantly strengthened the connection between one market to another, making commodity, foreign exchange, and stock markets more interconnected than ever before. Nigeria’s economy is tied closely to what happens in global commodity markets. Crude oil earnings still shape government revenue and the supply of foreign exchange, and through both channels they influence how investors behave on the Nigerian Exchange, so a sharp move in Brent prices rarely stays within the oil market. It tends to reach the naira first and then equity returns. These interactions are particularly important for Nigeria because the economy and financial system are exposed to international commodity-price movements, especially through crude oil, while the naira exchange rate provides an important channel through which external shocks can be transmitted to domestic financial markets. The correlations among the variables that look modest in calm periods can strengthen quickly under stress, as the COVID-19 pandemic and the war in Ukraine showed (Ben et al., 2025; Ghallabi et al., 2025). 
Economic fundamentals assist explain the dynamics of long-run correlations, and both the short-run and long-run correlations between commodity returns and exchange rates fluctuate over time, according to recent empirical research such as Tsiakas and Zhang (2021) that utilised a DCC-MIDAS framework. Based on their research using DCC-based methodologies, Wafula et al. (2022) discovered various associations between volatility and gold, crude oil, stock markets, and exchange rates in South Africa, Kenya, and Nigeria. They also found that these associations changed significantly during the COVID-19 era. Using an asymmetric VAR-BEKK(DCC)-GARCH paradigm, Chen et al. (2022) examined crude oil, currency rates, and gold across BRICS nations and found dynamic correlations and asymmetric volatility spillovers. Atipaga (2024) brought attention to the fact that nine developing and emerging African markets' stock returns and exchange rates are interdependent, and Ben Salem et al. (2024) showed that this relationship changed during the COVID-19 pandemic and the Russia-Ukraine war, and they also discovered a large transmission of volatility between oil prices and exchange rates. Hassan et al. (2024) investigated the transmission of Brent oil, natural gas, carbon markets, and the naira-dollar exchange rate to the Nigerian stock market, while Adenomon et al. (2025) utilised DCC-MGARCH to examine the time-varying volatility spillovers of crude oil prices, inflation, exchange rates, and stock market performance. Stock markets in South Africa and Nigeria responded similarly to shocks in oil consumption and supply, but in different directions to shocks in economic activity and oil inventory demand, according to Tumala et al. (2023), who used a GARCH-MIDAS model. This instability has also been demonstrated in research carried out during pandemics. Kumeka et al. (2022) examined twelve oil-exporting nations and found that following the COVID-19 announcement, oil prices affected the stock and currency rate markets. Until this point, the shocks had a disproportionate impact on the variables. Ben et al. (2025) found that when an asymmetric BEKK-GARCH model was applied to oil, cocoa, and gold prices, as well as the stock indices of Nigeria, Ghana, and Côte d'Ivoire, there was a 30% increase in volatility spillovers during COVID-19, along with clear asymmetry in conditional variances. Contrarily, twelve African stock markets were found by Urom et al. (2023) to have better connections to global commodities and developed equities markets during the epidemic. At COVID-19, oil took on the role of a safe-haven asset in several African stock markets, notably Nigeria's (2024), replacing gold as the prior hedging mechanism. Using an ADCC-CoVaR approach, Ghallabi et al. (2025) found that the dynamic correlations between crude oil, gold, a global commodities index, and emerging market equities altered over time and increased during times of crisis. This was the conclusion reached by the researchers. Therefore, crude oil was the most effective hedge throughout the epidemic as well as the conflict between Russia and Ukraine. following conducting research on seven different worldwide stock markets, Ahmadian-Yazdi et al. (2025) found that spillovers were more common following catastrophic occurrences, with natural gas being the source of the least amount of shock transmission. Copper, Brent oil, natural gas, gold, and other commodities were mentioned in the report, along with a variety of other commodities. When Ben Salem and colleagues (2024) investigated the connection between the price of oil and the currency exchange rates of eleven countries that import and export oil, they discovered a stronger connection between the two. In addition, Rastogi et al. (2024) utilized a pairwise design; however, in order to determine whether or not there is a link between the Indian rupee and interest rates, crude oil, and gold, they utilized BEKK- and DCC-GARCH models.
Despite these contributions, most of the recent literature examines either a limited pair of markets, such as oil and stocks or commodities and exchange rates, or focuses primarily on volatility spillovers rather than modelling the joint dynamic correlation structure of several major global commodities, the Nigerian exchange rate and the Nigerian stock-market. Pairwise designs cannot show how a shock travels through a system in which several commodities, the currency and share prices are interacting simultaneously. Without that knowledge, investors may misjudge diversification benefits, and policymakers may be left with an incomplete view of how external price shocks are passed on to the domestic financial system. Therefore, the central problem, is not simply whether commodity prices, exchange rates and stock returns are correlated, but whether their conditional correlations change over time, particularly when markets experience major economic, financial and geopolitical disturbances. This leaves an empirical gap concerning how the conditional correlations among crude oil, copper, gold, natural gas, exchange rate and stock-market returns change jointly through time in Nigeria. It is on this note that the study carryout an investigation multivariate analysis of the dynamic correlation among commodity market and financial markets in Nigeria. The study is guided by three research objectives;
i. To estimate the dynamic conditional correlations among global commodity prices, exchange rate and stock market returns
ii. To assess the extent to which shocks and volatility in global commodity prices and exchange rate are transmitted to Nigerian stock market returns.
iii. To investigate the persistence and evolution of the correlations among global commodity prices, exchange rate and stock market returns

METHODOLOGY
The study adopts ex post-facto research design, this is because the researcher investigates the relationship between an independent variable and a dependent variable after the independent variable has already occurred naturally, without any manipulation or control by the researcher. The data set range from December 29, 2009, to November 7, 2025 and it was sourced from Central Bank of Nigeria (CBN), Nigerian Exchange Group (NGX) and recognized global financial databases. This study uses both VAR and DCC models. The Vector Autoregressive (VAR) model was first presented in 1960s by Clive Granger and Sim also used in 1980 to capture the dynamic interrelationships among jointly endogenous variables without imposing strong a priori structural restrictions and the Dynamic Conditional Correlation (DCC-) GARCH model belongs to the class of models that estimate the conditional variances and correlations. It was introduced by Engle and Sheppard in 2001.
Vector Autoregressive (VAR) model
Each system variable is seen by the VAR model as a function of its own previous values as well as the past values of all other system variables. When studying the dynamic effect of random perturbations on the system of variables, it is especially helpful. The return vector of K dimensions is										(1)
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The operator  denotes the first-difference operator, such that
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while the continuously compounded return is given by
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General VAR Formulation
The unrestricted VAR model of order p, denoted by VAR(p), is specified as
						(4)
where
c=											(5)
is the vector of intercept terms,
,	
are coefficient matrices,
,
is the vector of innovations, and p denotes the optimal lag length.
For the six-market specification, the model becomes
									(6)
The coefficient matrix for each lag is
						(7)
Thus, each current return is explained by its own past returns as well as the lagged returns of every other market and
										(7)
is the vector of innovations.


Innovation and Conditional Variance Formulation
The principal purpose of the VAR stage in this study is not merely to examine mean-return relationships but also to obtain the innovation or residual series required for the subsequent multivariate volatility analysis.
From the VAR system,
									(9)
The conditional covariance matrix of the innovations is defined as
,
Where  represents the information set available at time t−1t-1.
Explicitly,

						(10)
The diagonal elements,
,										(11)
represent the conditional variance of each market, whereas the off-diagonal elements,
,           							(12)
represent the conditional covariance between markets i and j.       
										(13)
represent the dynamic conditional correlation between markets i and j is


Dynamic Conditional Correlation (DCC) Model
The Dynamic Conditional Correlation (DCC-) Generalized Autoregressive Correlation (GARCH) model is a well-known econometric model that offers an estimation of the time-varying correlations that exist between different financial time series. One of the models that came before this one is called the Generalized Autoregressive Conditional Heteroskedasticity (GARCH) model. This model is responsible for capturing volatility across time.  These models employ the method of modelling conditional variances and correlations rather than focusing on the conditional covariance matrix as their primary focus. Instead, the conditional standard deviations and correlation matrix are used to express the conditional covariance matrix in the following way:
										(14)
Where:
  is the time-varying correlation matrix
 is the conditional standard deviation
There are two types of models that fall into this category: those whose correlation matrix is static and those whose correlation matrix changes over time.
The DCC-GARCH model incorporates a dynamic correlation structure while combining separate series' univariate GARCH models. To account for the unique time-varying volatility of each financial time series, a univariate GARCH model is employed:

Equation (3.18) is the variance equation for each series 
where:
· ​is the Conditional variance of series iii at time
·  is the Innovation (shock) from the previous period
· are the Model parameters
Take, for example, a covariance matrix Ht and expected returns, at, from n assets. After that, the Dynamic Conditional Correlation (DCC-) GARCH model's average equation is calculated as:

 and 
 							
Where:
n × 1 vector of log returns of n assets at time t.
  Residuals at time t. 
	
 n × 1 vector of the expected value of the conditional 
 n × n matrix of conditional variances of at time t. or Time-varying covariance matrix.
 Any n × n matrix at time t such that is the conditional variance matrix of .  could be gotten by Cholesky factorization of 
 is an   n × 1 vector of iid errors such that   and 
 could also be defined as a Vector of standardized residuals. 
A correlation matrix, Rt, and conditional standard deviations, Dt, may be used to break down the covariance matrix, Ht =, according to the models presented in this class.  The standard deviations from univariate GARCH models are represented by the entries in the diagonal matrix Dt.
  					(17)			

where  It usually derived from the univariate GARCH models and represents the square root of variance (time-varying conditional standard deviation) of the ith time series at time t.
[bookmark: _Hlk186231514]The overall conditional covariance matrix ​ is constructed as 
where:  this is the DCC-derived time-varying correlation matrix of the model. The DCC-GARCH model's time-varying conditional correlation matrix, abbreviated as Rt. It displays the time series' standardised residual correlations at time t.
The residuals ​ are standardized with unit variances, which are used to estimate ​. 
Since  is a correlation matrix it is symmetric, thus we have:

Following the estimation of the conditional variances, the model proceeds to estimate the time-dependent conditional correlation matrix Rt. As a covariance matrix, Ht must have a positive definite value. Since all the diagonal parts are positive, we can say that Dt is positive definite, which means that Ht must also be positive definite if Rt is positive definite. The values of each member in the Rt correlation matrix must be less than or equal to one.  The estimation of the dynamic correlation matrix Rt is done using the standardised residuals Zt. In the DCC-GARCH model, these two conditions are satisfied by breaking down Rt into: 
        							(19)
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where:
​: Dynamic covariance matrix of standardized residuals.
 is the Unconditional covariance of the standardized errors.
a, b are the  DCC parameters.
 is a Vector of standardized residuals at time.
is a diagonal matrix with the square root of the diagonal elements of Qt at the diagonal:
  and are estimated as follows:


 rescales the elements in Qt to ensure the second requirement

Qt must likewise be positive definite in order for Rt to have that property. Ht has to have specified values for a and b in order to be positive definite. To ensure positive unconditional variances, the scalars a and b should also match the criteria of the univariate GARCH model: .
The correlation structure can be extended to the general DCC (P, M)-GARCH model:










RESULT 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 presents the descriptive statistics of the log returns for the exchange rate (DEXR), copper (DCOPP), Brent crude oil (DBCOP), gold (DGOLDP), natural gas (DNGAS), and Nigerian stock market (DSTOCKP). The mean returns were generally positive, with DEXR recording the highest mean of 0.0276, followed by DSTOCKP (0.0171), DGOLDP (0.0139), DCOPP (0.0047), and DNGAS (0.0008), while DBCOP recorded a slightly negative mean of −0.0024. The median values were relatively close to the means for most series, although some differences suggest departures from symmetry. The wide differences between the maximum and minimum returns indicate substantial fluctuations, with DSTOCKP recording the most extreme negative return of −27.3390, while DEXR recorded the highest positive return of 15.1956. In terms of dispersion, DNGAS had the highest standard deviation (1.4953), followed by DBCOP (0.9645), DSTOCKP (0.6408), DCOPP (0.6403), DEXR (0.5766), and DGOLDP (0.4435), indicating that natural gas experienced the greatest overall variability during the study period. The skewness statistics reveal considerable departures from symmetry, with DEXR being strongly positively skewed (9.3194), whereas DCOPP (−1.2276), DBCOP (−0.9113), DGOLDP (−0.5801), and particularly DSTOCKP (−21.4016) were negatively skewed; DNGAS, with skewness of 0.1958, was comparatively close to symmetric. Furthermore, the very high kurtosis values across all the series, ranging from 8.4987 for DNGAS to 871.8872 for DSTOCKP, indicate pronounced leptokurtosis and the presence of heavy tails and extreme observations. 







Table 2: Joint ARCH-LM Test
	Test Statistic
	Chi-square
	Df
	p-value
	Decision

	Multivariate ARCH-LM Test
	2216.1
	975
	0.0000
	Reject H₀


The Joint ARCH-LM test was conducted to determine whether significant autoregressive conditional heteroskedasticity (ARCH) effects exist jointly among the variables in the multivariate model. The test produced a Chi-square statistic of 2,216.1 with 975 degrees of freedom and a p-value of 0.0000. Since the p-value of 0.0000 is less than the 5% significance level (α = 0.05), the null hypothesis (H₀) of no ARCH effects in the multivariate residuals is rejected. This indicates that the residual series exhibit significant conditional heteroskedasticity and volatility clustering across the variables considered.
Bottom of Form
Table 3: VAR Lag Order Selection Criteria
	Lag
	AIC
	HQ
	SC (BIC)
	FPE

	1
	-3.7936*
	-3.7704*
	-3.7280*
	0.022514*

	2
	-3.7847
	-3.7416
	-3.6629
	0.022716

	3
	-3.7798
	-3.7167
	-3.6018
	0.022827

	4
	-3.7744
	-3.6914
	-3.5402
	0.022951

	5
	-3.7693
	-3.6665
	-3.479
	0.023067

	6
	-3.7657
	-3.6429
	-3.4191
	0.023152

	7
	-3.7574
	-3.6147
	-3.3547
	0.023343

	8
	-3.7527
	-3.5901
	-3.2937
	0.023455

	9
	-3.7482
	-3.5657
	-3.2331
	0.023559

	10
	-3.7356
	-3.5332
	-3.1643
	0.023859



Note: * indicates the selected lag length.
To find the right lag duration for the multivariate model, the VAR lag order selection criteria are shown in Table 3. The results show that lag 1 is consistently selected by all four criteria, namely the Akaike Information Criterion (AIC), Hannan–Quinn Criterion (HQ), Schwarz Information Criterion (SC/BIC), and Final Prediction Error (FPE), as indicated by the asterisks. Specifically, lag 1 records the lowest AIC value of −3.7936, HQ value of −3.7704, SC value of −3.7280, and FPE value of 0.022514 compared with the corresponding values at lags 2 to 10. Since all the selection criteria independently identify the first lag as optimal, the study adopts a VAR(1) specification, implying that one-period lagged values of the variables provide the appropriate basis for examining the short-run interrelationships among the global commodity prices, exchange rate and Nigerian stock market returns.

Table 4: Summary of VAR(1) Estimation Results
	Dependent Variable
	Significant Variables (5%)
	F-statistic
	p-value
	Adjusted R²

	DBCOP
	DCOPP(+), DGOLDP(-)
	2.962
	0.0069
	0.0029

	DCOPP
	None
	1.034
	0.4006
	0.0001

	DEXR
	DEXR(-1), Constant
	7.864
	<0.001
	0.0101

	DGOLDP
	DGOLDP(-1), Constant
	1.576
	0.1498
	0.0009

	DNGAS
	DNGAS(-1)
	2.645
	0.0146
	0.0024

	DSTOCKP
	DNGAS(-1), DSTOCKP(-1)
	11.42
	<0.001
	0.0152


Note: (+) denotes a positive effect, while (-) denotes a negative effect.
Table 4 presents the summary of the estimated VAR(1) model and shows that the short-run relationships among the variables differ across the equations. For DBCOP, the overall model is statistically significant (F = 2.962, p = 0.0069), with lagged copper returns exerting a positive effect and lagged gold returns exerting a negative effect. The DCOPP equation is not statistically significant (F = 1.034, p = 0.4006), indicating no significant short-run effect from the included variables. The DEXR equation is statistically significant (F = 7.864, p < 0.001), with its own lagged value significantly influencing current exchange-rate returns, suggesting short-run persistence in exchange-rate movements. Similarly, the DNGAS equation is significant (F = 2.645, p = 0.0146), with lagged natural gas returns having a significant effect on current natural gas returns. The DSTOCKP equation records the strongest overall significance (F = 11.42, p < 0.001), with both lagged natural gas returns and lagged stock-market returns significantly influencing current stock-market returns, indicating that movements in the natural gas market and previous stock-market conditions are relevant to subsequent Nigerian stock-market returns. In contrast, the DGOLDP equation is not statistically significant at the 5% level (F = 1.576, p = 0.1498), despite the reported significance of its lagged term in the individual equation. The adjusted R² values are generally low, ranging from 0.0001 to 0.0152, indicating that the VAR(1) model explains only a small proportion of the short-run variation in the individual return series; this is not unusual for high-frequency financial return data and reinforces the need for the subsequent multivariate volatility analysis.





Table 5: Estimated DCC-GARCH (1,1) Model Parameters (Multivariate t- Distribution)
	Variable
	Parameter
	Estimate
	Std. Error
	t-value
	p-value
	Decision

	Dbcop
	Μ
	0.01185
	0.01127
	1.051
	0.2933
	Not Significant

	 
	AR(1)
	0.73276
	0.21179
	3.46
	0.0005
	Significant

	 
	MA(1)
	-0.7464
	0.20848
	-3.58
	0.0003
	Significant

	 
	Ω
	0.01551
	0.0054
	2.871
	0.0041
	Significant

	 
	α₁
	0.10201
	0.02203
	4.631
	0.0000
	Significant

	 
	β₁
	0.88444
	0.02328
	37.998
	0.0000
	Significant

	Dgoldp
	Μ
	0.01075
	0.00641
	1.678
	0.0934
	Not Significant

	 
	AR(1)
	-0.0764
	0.27412
	-0.279
	0.7804
	Not Significant

	 
	MA(1)
	0.04309
	0.27319
	0.158
	0.8747
	Not Significant

	 
	Ω
	0.00381
	0.0039
	0.976
	0.3292
	Not Significant

	 
	α₁
	0.04827
	0.02603
	1.854
	0.0637
	Marginally Significant (10%)

	 
	β₁
	0.9328
	0.04439
	21.015
	0.0000
	Significant

	dNgas
	Μ
	0.01463
	0.01654
	0.884
	0.3765
	Not Significant

	 
	AR(1)
	0.66706
	0.15572
	4.284
	0.0000
	Significant

	 
	MA(1)
	-0.7105
	0.14764
	-4.813
	0.0000
	Significant

	 
	Ω
	0.01097
	0.005
	2.195
	0.0282
	Significant

	 
	α₁
	0.06454
	0.00933
	6.916
	0.0000
	Significant

	 
	β₁
	0.93446
	0.00966
	96.785
	0.0000
	Significant

	dCOPP
	Μ
	0.00525
	0.00884
	0.594
	0.5524
	Not Significant

	 
	AR(1)
	-0.011
	0.30758
	-0.036
	0.9715
	Not Significant

	 
	MA(1)
	-0.0105
	0.30742
	-0.034
	0.9729
	Not Significant

	 
	Ω
	0.00381
	0.00213
	1.79
	0.0735
	Marginally Significant (10%)

	 
	α₁
	0.04047
	0.00722
	5.602
	0.0000
	Significant

	 
	β₁
	0.95176
	0.00665
	143.083
	0.0000
	Significant

	Dstockp
	Μ
	0.02048
	0.00733
	2.792
	0.0052
	Significant

	 
	AR(1)
	0.47116
	0.14562
	3.236
	0.0012
	Significant

	 
	MA(1)
	-0.2729
	0.16132
	-1.692
	0.0907
	Marginally Significant (10%)

	 
	Ω
	0.01564
	0.00574
	2.724
	0.0065
	Significant

	 
	α₁
	0.18555
	0.03371
	5.505
	0.0000
	Significant

	 
	β₁
	0.72535
	0.05964
	12.163
	0.0000
	Significant

	Dexr
	Μ
	0.00144
	0.00908
	0.158
	0.8742
	Not Significant

	 
	AR(1)
	-0.0712
	0.14682
	-0.485
	0.6278
	Not Significant

	 
	MA(1)
	-0.1409
	0.15373
	-0.917
	0.3593
	Not Significant

	 
	Ω
	1.3E-05
	6E-06
	2.087
	0.0369
	Significant

	 
	α₁
	0.0643
	0.00929
	6.918
	0.0000
	Significant

	 
	β₁
	0.93471
	0.00593
	157.529
	0.0000
	Significant

	DCC Parameters
	α (dcca1)
	0.00668
	0.00142
	4.701
	0.0000
	Significant

	 
	β (dccb1)
	0.99041
	0.00233
	425.247
	0.0000
	Significant



The DCC-GARCH estimation results show substantial differences in the conditional mean and volatility dynamics across the six return series. For Brent crude oil (DBCOP), the AR(1) and MA(1) terms are significant (p = 0.0005 and 0.0003), while both the ARCH parameter, α₁ = 0.10201, and GARCH parameter, β₁ = 0.88444, are highly significant (p < 0.001), indicating that current volatility is influenced by both recent shocks and past volatility. For gold (DGOLDP), the mean, AR and MA terms are not significant, while the ARCH parameter is marginally significant at the 10% level (p = 0.0637) and the GARCH parameter is highly significant (β₁ = 0.93280, p < 0.001), suggesting that gold volatility is driven predominantly by its past conditional variance. Natural gas (DNGAS) exhibits significant AR(1), MA(1), ARCH and GARCH effects, with α₁ = 0.06454 and β₁ = 0.93446, confirming strong volatility dependence and persistence. For copper (DCOPP), the mean, AR and MA terms are insignificant, although the constant variance term is marginally significant at 10%; importantly, both α₁ = 0.04047 and β₁ = 0.95176 are highly significant, indicating persistent conditional volatility. The Nigerian stock market (DSTOCKP) records a significant mean and AR(1) coefficient, while the MA(1) term is marginally significant at 10%; its significant ARCH coefficient (α₁ = 0.18555) and GARCH coefficient (β₁ = 0.72535) demonstrate that stock-market volatility responds to new shocks as well as previous volatility. Finally, for the exchange rate (DEXR), the mean, AR and MA terms are insignificant, but the variance constant (ω = 0.000013), ARCH coefficient (α₁ = 0.06430) and GARCH coefficient (β₁ = 0.93471) are significant, confirming considerable volatility persistence in exchange-rate returns. The DCC parameters are both highly significant, with α = 0.00668 (p < 0.001) and β = 0.99041 (p < 0.001). The relatively small but significant α indicates that new market information produces changes in conditional correlations, while the very high β indicates that these correlations are highly persistent over time. Overall, the results provide strong evidence of persistent and interconnected volatility processes across the commodity, exchange-rate and stock markets, supporting the suitability of the DCC-GARCH framework for analysing the dynamic correlations among global commodity prices, exchange rate and Nigerian stock market returns.













Table 6: MGARCH DCC Model Summary
	Statistic
	Value

	Distribution
	Multivariate t- Distribution

	Model
	DCC(1,1)

	Number of Variables
	6

	Number of Parameters
	53

	Log-likelihood
	-419,308.30

	Average Log-likelihood
	-103.58

	Akaike Information Criterion (AIC)
	207.19

	Bayesian Information Criterion (BIC)
	207.28

	Hannan-Quinn Criterion
	207.22


Table 6 presents the summary statistics of the estimated MGARCH-DCC(1,1) model for the six return series. The model was estimated under a multivariate t-distribution, which is appropriate for financial return data characterised by heavy tails and departures from normality, as indicated by the descriptive statistics. The model contains six variables and 53 estimated parameters, with a log-likelihood value of −419,308.30 and an average log-likelihood of −103.58. The information criteria are 207.19 for AIC, 207.28 for BIC, and 207.22 for the Hannan–Quinn criterion, providing the overall fit measures for the specified DCC(1,1) model. More importantly, the adoption of the DCC(1,1) specification enables the conditional correlations among Brent crude oil, copper, gold, natural gas, the Nigerian exchange rate and stock market returns to evolve over time rather than remain fixed.


Table 7: The persistence of volatility
	Variable
	α₁ + β₁
	Interpretation

	Dbcop
	0.9864
	Highly persistent volatility

	Dgoldp
	0.9811
	Highly persistent volatility

	dNgas
	0.999
	Extremely persistent volatility

	dCOPP
	0.9922
	Extremely persistent volatility

	dstockp
	0.9109
	Persistent volatility

	Dexr
	0.999
	Extremely persistent volatility


Table 7 presents the persistence of volatility across the six return series based on the sum of the ARCH and GARCH coefficients, α1+β1. The results indicate that volatility is highly persistent across all the markets, although the degree of persistence varies. Brent crude oil records a persistence coefficient of 0.9864, while gold records 0.9811, indicating that shocks to these markets tend to remain influential for a considerable period. Natural gas and the exchange rate have the highest persistence coefficients of 0.9990 each, suggesting that volatility shocks in these markets decay very slowly and that current volatility is strongly influenced by past volatility. Copper also exhibits extremely high persistence with a coefficient of 0.9922, whereas the Nigerian stock market records the comparatively lower, though still substantial, coefficient of 0.9109. 
Table 8: First-Day Dynamic Conditional Correlation Matrix 
	Variables
	Correlation
	Interpretation

	Brent crude oil–Gold
	0.0148
	Very weak positive correlation

	Brent crude oil–Natural gas
	0.0168
	Very weak positive correlation

	Brent crude oil–Copper
	0.0223
	Very weak positive correlation

	Brent crude oil–Stock
	0.0002
	Almost zero correlation

	Brent crude oil–Exchange rate
	-0.0054
	Very weak negative correlation

	Gold–Natural gas
	-0.0107
	Very weak negative correlation

	Gold–Copper
	0.0274
	Very weak positive correlation

	Gold–Stock
	0.0051
	Negligible positive correlation

	Gold–Exchange rate
	0.0167
	Very weak positive correlation


Table 8 presents the first-day dynamic conditional correlations among the selected global commodity prices, the Nigerian stock market and the exchange rate. The results indicate that the initial conditional correlations were generally very weak, suggesting limited co-movement among the markets at the beginning of the estimation period. Brent crude oil recorded very weak positive correlations with gold (0.0148), natural gas (0.0168) and copper (0.0223), while its correlation with the Nigerian stock market was almost zero (0.0002) and its relationship with the exchange rate was very weakly negative (−0.0054). Similarly, gold had a very weak negative correlation with natural gas (−0.0107) but very weak positive correlations with copper (0.0274) and the exchange rate (0.0167), while its correlation with the stock market was negligible (0.0051).









Table 9: Summary of the Evolution of the Time-Varying Correlations Over the Full Sample Period.
	Asset Pair
	Mean
	Minimum
	Maximum
	Std. Dev.

	Brent Crude Oil – Gold
	0.0821
	-0.2146
	0.4638
	0.0913

	Brent Crude Oil – Natural Gas
	0.1458
	-0.1825
	0.5121
	0.1027

	Brent Crude Oil – Copper
	0.1186
	-0.1379
	0.4314
	0.0816

	Brent Crude Oil – Stock Price
	0.0562
	-0.2054
	0.3847
	0.0739

	Brent Crude Oil – Exchange Rate
	-0.0418
	-0.2638
	0.1752
	0.0524

	Gold – Natural Gas
	0.0287
	-0.1936
	0.2784
	0.0643

	Gold – Copper
	0.2164
	-0.1045
	0.6123
	0.1186

	Gold – Stock Price
	0.0871
	-0.1827
	0.3554
	0.0695

	Gold – Exchange Rate
	0.0628
	-0.1048
	0.2481
	0.0442

	Natural Gas – Copper
	0.1035
	-0.1524
	0.4167
	0.0813

	Natural Gas – Stock Price
	0.0846
	-0.1641
	0.3472
	0.0668

	Natural Gas – Exchange Rate
	-0.0972
	-0.3641
	0.1027
	0.0597

	Copper – Stock Price
	0.1745
	-0.0928
	0.5084
	0.0934

	Copper – Exchange Rate
	-0.0218
	-0.1816
	0.1145
	0.0385

	Stock Price – Exchange Rate
	0.0937
	-0.1263
	0.3364
	0.0568


The table shows that the correlations among the selected global commodity prices, exchange rate and Nigerian stock market returns were generally weak to moderate and clearly time-varying over the full sample period. The highest mean correlation was observed between gold and copper (0.2164), followed by copper and stock price (0.1745) and Brent crude oil and natural gas (0.1458), indicating relatively stronger co-movement among these pairs. In contrast, the natural gas–exchange rate pair recorded the lowest mean correlation (-0.0972), while Brent crude oil–exchange rate (-0.0418) and copper–exchange rate (-0.0218) also recorded negative average correlations. The minimum and maximum values demonstrate substantial movements in the direction and strength of the relationships: for example, gold–copper correlation ranged from -0.1045 to 0.6123, while copper–stock price ranged from -0.0928 to 0.5084, showing that positive relationships at some points could weaken or become negative at others. Similarly, Brent crude oil–natural gas correlation varied from -0.1825 to 0.5121, reinforcing the changing nature of commodity-market co-movement. The standard deviations, which ranged from 0.0385 for copper–exchange rate to 0.1186 for gold–copper, further indicate that the magnitude of correlation fluctuations differed across asset pairs, with gold–copper exhibiting the greatest variability.

Conclusion
This study concludes that global commodity prices, exchange rate and Nigerian stock market returns are interconnected, but the nature and strength of their relationships vary across markets and over time. The VAR(1) results showed that some short-run interactions exist among the variables, particularly the influence of lagged copper and gold returns on Brent crude oil returns, and the relationship of lagged natural gas and stock market returns with subsequent Nigerian stock market returns. The volatility results further showed that the markets experience persistent volatility, with particularly high levels of volatility persistence in natural gas, copper and exchange rate returns. The DCC-GARCH estimates also confirmed that the correlations among the variables are not constant. Rather, they change over time, with some market pairs recording positive relationships at certain periods and negative relationships at others. For instance, gold and copper recorded the highest average correlation among the commodity pairs, while natural gas and exchange rate returns recorded a negative average correlation. The high DCC persistence coefficient of 0.99041 indicates that the correlation structure tends to remain persistent over time, while the significant DCC innovation coefficient of 0.00668 shows that new market information can still alter the degree of co-movement among the assets. These findings suggest that movements in one market may be associated with changes in another market.
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