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ABSTRACT
The research aims tomeasure the correlationsbetween stockmarket returns (Returnsof the Standard&Poor’s

500 Index (RS&P500) and Returns of the Dow Jones Index (RDJI) and commodity markets returns (Returns of gold
(RPG), Returns of U.S. corn (RC) and Returns of soybeans (RS)) for the United States of America, using daily data for
the period from January 2, 2015, toNovember 22, 2024, andby employing theGARCH‑Mmodel. The results indicate
the returns from ϐinancial markets and agricultural commodity markets in the United States tend to move in the
same direction but at different rates, and that investing in the gold market is considered a haven for investment in
the ϐinancial markets in the United States, while investing in agricultural commodity markets in the United States
does not reduce risks in the ϐinancial markets but rather increases them, as they are positively correlated. The
study also found that indirect effects between ϐinancial markets and agricultural commodity markets in the United
States were mostly driven by short time horizons, followed by medium and long time horizons, which highlights
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the importance of considering the evolving nature of correlations when making asset allocation decisions, as well
as their importance for investors, portfolio managers, and government departments (policymakers) with regard to
managing risks.
Keywords: Market Volatility; Dynamic Correlations; GARCH‑M; DCC‑GARCH; CCC‑GARCH; Portfolio Diversiϐication

1. Introduction
In recent decades, researchers have increasingly

focused on the relationship between other commodity
markets, such as precious metals and agricultural and
industrial goods, and ϐinancial markets and their eco‑
nomic and ϐinancial impacts. Commodities serve as a
diversiϐication tool or a means of hedging, and hedging
is considered a strong form of diversiϐication when the
correlation with the main variable is zero or negative.
This stems from portfolio management in corporate ϐi‑
nance textbooks [1], which has led to increased discus‑
sion about the role of commodities in the strategic as‑
set allocation process, particularly following the global
ϐinancial crisis of 2008, the repercussions of which were
felt across various parts of the world, leading to signif‑
icant disasters for several economies, markets, and in‑
vestors, as well as the rise in commodity prices apparent
since 2002, and their subsequent decline in July 2008 [2].

Investorswho allocate a greater proportion of their
investment capital in the commoditymarket will change
the ϐlow of capital and the correlation structure between
commodity markets and stock markets [3] by studying
the correlation between various commodities (agricul‑
tural, energy, and metals) and the U.S.

Stock market, ref. [4] found that agricultural com‑
modities play a signiϐicant role in the portfolios of risk‑
averse investors, as they tend to be less volatile during
market crises. Since the emergence of ϐinancial liberal‑
ization and the integration of capital markets, the ϐinanc‑
ing of commodity markets has been observed, and the
development of commodity markets has paved the way
for international diversiϐication across markets [5].

Consequently, we conclude that markets, in gen‑
eral, are characterized by their interconnections with
one another. The relationship between ϐinancial and
commodity markets is close, and is strengthened as the
economy develops. Financial markets are now referred

to as the mirror reϐlecting the economy, and there is
a mutual inϐluence between them and commodity mar‑
kets. Commodity markets affect, and indeed are af‑
fected by changes occurring in ϐinancial markets, and
vice versa [6]. Therefore, the analysis of indirect effects
through ϐinancial markets and commodity markets in
the United States is essential, given that its economy is
one of the largest and most developed in the world, in
addition to its transition from an industrial economy to
a global ϐinancial economy in light of developments in
artiϐicial intelligence. The ϐluctuations that occasionally
affect its markets are reϐlected in their returns, a por‑
tion of which is invested in its markets. Thus, this study
will inform us whether the returns of ϐinancial market
assets (RS&P500 and RDJI) have any correlation with
the returns of commodity assets (gold, corn, soybeans),
andwill further explore advanced techniques such as the
Constant Conditional Correlation (CCC‑GARCH) and the
Dynamic Conditional Correlation (DCC‑GARCH) models,
to understand the evolving interactions between ϐinan‑
cial markets and commodity markets.

The relationship between equity market returns
and commodity returns has been the subject of signiϐi‑
cant interest in ϐinancial economics, particularly in port‑
folio diversiϐication, risk management, and formulating
macroeconomic measures. While traditional asset pric‑
ing theories suggest that commodities and stocks may
have low correlations due to their different economic
drivers, empirical evidence suggests that these relation‑
ships may vary over time, particularly during ϐinancial
crises and economic uncertainty [7].

Volatility clusters and time‑varying risk premiums
play a crucial role in shaping the dynamics of this rela‑
tionship [8]. In this context, the GARCH‑M models pro‑
vide a solid methodological framework for studying the
interaction between return volatility and risk behavior
by recording the effects of volatility on various asset
classes [9, 10].
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Although numerous studies have individually an‑
alyzed the volatility of equity and commodity markets,
there is still a knowledge gap in understanding how risk
behavior and volatility effects inϐluence the correlation
dynamics between different asset classes in the US mar‑
ket.

This study aims to ϐill these gaps by using GARCH‑
M models to analyze the time‑varying nature of corre‑
lations between major U.S. stock indices (such as the
S&P 500) and major commodity classes (such as crude
oil, gold, and agricultural commodities). The results will
provide insights into the hedging potential of commodi‑
ties against stock market ϐluctuations and contribute to
a better understanding of portfolio risk management
strategies.

This study is organized as follows: The ϐirst sec‑
tion provides an introduction to the relationship be‑
tween ϐinancial and commodity markets, while the sec‑
ond section provides a literature review on these topics.
The third section discusses the methodology, while the
fourth section covers the study results and their further
discussion. Finally, the ϐifth section provides a summary
of the ϐindings and their signiϐicance for investors, port‑
folio managers, and government administrations (poli‑
cymakers).

2. Literature Review
The relationship between ϐinancial markets and

commodity markets has been extensively examined by
researchers, as indirect measures are viewed as a funda‑
mental concept underlying risk measurement and port‑
folio management and diversiϐication [11]. Indirect mea‑
sures provide an empirical gauge of the degree of inte‑
gration among different asset classes [12], as assets have
the potential for diversiϐication if they are less affected
by the indirect effects arising from other assets. Recent
studies emphasize commodities in general because they
are less impacted by the indirect effects of ϐinancial as‑
sets due to different pricing mechanisms, and thus have
the potential for diversiϐication [13]. One of the studies
concerned with exploring indirect effects across ϐinan‑
cial and commoditymarkets is that by [14], the aimwas to
verify the transmission of indirect effects through crude

oil, precious metals, and the U.S. dollar exchange rate.
By using generalized standard deviation decomposition
and impulse response functions, they found signiϐicant
transmission of volatility between oil and gold returns.
The study byNguyen et al [15] studied the relationship be‑
tween ϐinancial markets and commodity markets (gold,
oil, food, agriculture, energy, andminerals) in the United
States using GARCH models for the period from 1992 to
2017. The Local Gaussian correlation model was also
used, and the study found an increasing correlation be‑
tween basic commoditymarkets and stockmarkets after
the mortgage crisis [15].

Wang et al. [16] aimed to determine whether com‑
modity indices could be used as predictors for stockmar‑
ket ϐluctuations. Relying on the Rogers International
Commodity Index (RICI), including theAgricultural Com‑
modity Index (RICIA), the Metals Index (RICIM), and
the Energy Index (RICIE) as independent variables, and
the U.S. stock market index as the dependent variable,
and using ARCH (1), it was found that there are sta‑
ble long‑term relationships between certain commodity
and stock markets, with commodity indices generally
leading stock market indices. The results also showed
that commodity indices such as agricultural (RICIA) and
metals (RICIM) are inϐluenced by the U.S. stock market
and that commodity indices do not have hedging effects
on stock markets under normal conditions, thus they
cannot be used as hedging tools. However, during se‑
vere ϐinancial crises or high volatility in stock markets,
the Metals Index (RICIM) can be used as a safe‑haven as‑
set and integrated into investment portfolios to reduce
risks [16].

Oǆ ztek and Oǆ cal [17] examined ϐinancial crises and
the nature of the correlation between commodity mar‑
kets and stock markets, relying on the agricultural com‑
modities index, the precious metals index, and the
S&P 500 index. Using a multivariate MGARCH model
and speciϐications of both smooth transition conditional
correlation (STCC‑GARCH) and double smooth transi‑
tion conditional correlation (DSTCC‑GARCH), their study
aimed to model the time‑varying correlations between
commoditymarkets and stockmarkets, revealing the dy‑
namic nature of correlations during the ϐinancing of com‑
modity markets and, indeed, following the ϐinancial cri‑
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sis of 2008. Their ϐindings provided evidence against an
upward trend in correlations for the agricultural com‑
modities sub‑index, indicating that the increase in cor‑
relation could not be solely attributed to the 2008 ϐinan‑
cial crisis. In contrast, for the precious metals sub‑index,
market volatility plays an important role in the dynamic
nature of the correlation, alongside the upward trend [17].
Meanwhile, a study by Alshenawy and Abdo [18] aimed
to verify the dynamic correlations between the S&P 500
index, crude oil price, natural gas price, and gold price.
Using a DCC‑GARCH model, their study found signiϐi‑
cant and varying correlations over time for these asset
classes, demonstrating the potential diversiϐication ben‑
eϐits they offer, and emphasizing the need for adaptive
portfolio management based on dynamic correlations.
This highlights the importance of considering the evolv‑
ing nature of interdependencies whenmaking asset allo‑
cation decisions and the signiϐicance of integrating ad‑
vanced multivariate techniques like DCC‑GARCH in ϐi‑
nancial analysis and portfolio management [18].

James et al. [19] indicated that there are correlations
between stock indicators in the ϐinancial market in the
United States through the estimation of daily data for
the period between 2000 and 2020, using spectral char‑
acteristic models to determine the optimal investment
portfolio among these sectors, the results of this study
showed that diversiϐication across sectors is essential
compared to diversiϐication within a single sector [19].
One study by Urom et al. [20] found that therewas a trans‑
mission ofwaves from real economic activity to ϐinancial
and commodity markets in the United States during the
period fromMarch 12, 2011, to May 2, 2020 [20].

Kocaarslan et al. [21] examined forecasts of the
volatility in the oil, currency, and stock markets in
the BRICS group and the United States via VAR‑A‑DCC‑
EGARCH (1.1) and VAR‑DCC‑EGARCH models. They
found that the forecasts in the stock, gold, and oil mar‑
kets in the United States are asymmetric, and diversiϐica‑
tion among these markets can be beneϐicial, considering
them to be safe havens for each other; it was also found
that Brazil and Russia exhibit commonmovements with
the markets in the United States compared to India and
China [21]. A further study by Gao and Mei [22] found that
there is a correlation between the stock markets in the

United States and eleven stock markets in Asia by ex‑
amining three different samples and using cointegration
models between those markets; at the same time, this
same study demonstrated that there is a weak connec‑
tion (SSE) between the American and Chinese stockmar‑
kets due to the restrictions imposed on the transfer of
foreign capital [22].

Han [23] presented the behavioural patterns be‑
tween the American and Chinese stock markets and the
energy market, ϐinding a strong pattern between the ϐi‑
nancial and energy markets [23]. Kim et al. [24] were able
to identify links between the U.S. stockmarket and those
of six OECD countries during the global ϐinancial crisis
via theDCC‑EGARCHmodel [24]. Siedlecki andPapla used
the conditional correlation coefϐicient to measure the
contagion of ϐinancial crises between the stock market
in the United States and several global stock markets, as
well as economic activity fromDecember 1999 toMarch
2013. It was found that the reaction of the real econ‑
omy lags behind the decline in the stockmarket by about
one to three months in the United States. The American
stock market leads other markets, and there is a strong
contagion between them [25]. Ruan et al. [26] found that
there is amutual relationshipbetween the stockmarkets
in Shanghai and those in Hong Kong using daily closing
prices from January 1, 2007, to December 31, 2016 [26].

This study contributes to existing empirical litera‑
ture by examining the general and bilateral indirect ef‑
fects of market returns in the United States. In this way,
it provides novel empirical insights into the temporal
and frequency‑based dynamics of indirect effects on ϐi‑
nancial and commodity markets.

3. Theoretical Framework
This study is based on several important ϐinancial

theories and econometric models that explain the dy‑
namics of relationships between asset returns, the inter‑
action between equity and commodity markets, and the
mechanisms of volatility transfer:

1‑Modern portfolio theory (MPT)—Markowitz [27]
Investors seek to maximize returns while minimizing
risk through diversiϐication. Commodities are often seen
as alternative investments with low correlation to equi‑

413



Research onWorld Agricultural Economy | Volume 06 | Issue 02 | June 2025

ties, which increases portfolio efϐiciency [28].
2‑Capital Asset Pricing Model (CAPM) — Sharpe

and Lintner [29] The CAPM framework emphasizes the
role of market factors in asset pricing, in which risk and
return have a positive relationship. Investors tend to in‑
vest capital in higher‑risk investments to achieve higher
returns. According to CAPM, an asset’s expected return
is positively correlated with its risk exposure, which is
why investorsmust be compensated for taking on higher
risks with higher returns.

3‑EfϐicientMarketHypothesis (EMH)—FamaEMH
claims that asset prices take full account of all avail‑
able information [30], making it difϐicult to predict fu‑
ture price movements by integrating these theoretical
perspectives, this study will provide a comprehensive
econometric analysis of the relationship between stock
and commodity returns in the United States, with im‑
plications for investors, policymakers, and risk manage‑
ment professionals.

4. Methodology

4.1. Description of the Data Used in the
Study

To capture the volatility of returns, the current
study employed daily sample data covering the period
from January 2, 2015, to November 22, 2024. The
time series determined the Standard & Poor’s 500 In‑
dex (RS&P500) returns, Dow Jones Index (RDJI), gold re‑
turns (RPG) and US corn (RC), and soybean yields (RS).
Themarket indicatorswere retrieved from the following
website [31].

4.2. Multivariate Model (GARCH‑M)

With the wide application of single‑variable
(GARCH) models, there was a need to develop their ap‑
plication to include a multi‑variable (GARCH‑M) model.
The latter represents a more reliable model when pre‑
dicting the movements of ϐinancial asset returns, which
is important when pricing ϐinancial assets in the port‑
folio because ϐinancial ϐluctuations move together over
time across ϐinancial markets [32]. Therefore, the GARCH‑
Mmodel provides an explanation of how common varia‑

tionsmove over time by building a commonvariancema‑
trix. Accordingly, the multi‑variable (GARCH‑M) model
helps one to make better decisions in different areas of
ϐinancial market applications [18].

Bollerslev ϐirst introduced the GARCH‑M model to
measure risk and forecast, and it is often used to pre‑
dict ϐinancial indicators closely related to risk [33]. The
expression of this model can be represented by the fol‑
lowing structure [34]:

rt = µt + ϵt (1)

ϵt = H
1/2
t Zt (2)

Where:
rt: is the vector n×1for logarithms n of variables n

in time t.
ϵt: Residual vector n×1 for variables n in time t,

with expected mean E(ϵt) = 0, and variance matrix COV.
(ϵt) =Ht.

µt: Vector n×1of the expected values of conditional
returns of n variables in time t.

Ht: n×n matrix of conditional variations of ϵt in
time t.

Zt: vector n×1 for random errors follows normal
distribution with mean E(Zt) = 0, E(ztztT) = 1

The main concept underlying this category of mod‑
els is to divide the matrix of conditional deviations into
two parts: conditional standard deviation and condi‑
tional correlations, as follows [35, 36]:

Ht = DtRtDt (3)

where Dt represents the diagonal conditional standard
deviation matrix on the structure [37]:

Dt = diag
(
h
1/2
1t  , . . . , h1/2

nt

)
(4)

while Rt represents the matrix of conditional correla‑
tions, the models of this category can be classiϐied into
two groups: the ϐirst with a ϐixed correlationmatrix, and
the second when the correlation matrix is time‑varying.

• Conditional Static Correlation Model (CCC‑
GARCH):
This model is considered one of the most im‑
portant multivariate models and better than the
GARCH model, as proposed by Bollerslev , and
which was later circulated by Jeantheau . Assum‑
ing that (Pij) is the constant conditional correla‑
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tion coefϐicient, we can write the conditional cor‑
relation of the matrixHt as follows [35]:

Ht = DtRtDt = Pij

√
hjj.thii.j (5)

Dt = diag
(√

hii.t

)
R =  

(
Pij)N×N

R expresses the constant conditional correlation
matrix Pij , where the (CCC) model contains the
GARCHmodel for each conditional variation, hii.t,
inDt.

• Estimating the Dynamic Conditional Correla‑
tion Model (DCC‑GARCH):
The modelling of each asset is achieved using the
GARCH (1,1) univariate process, with the ARMA
(0,0) average equation and multivariate natural
errors, where the DCC‑GARCHmodel captures dy‑
namic correlations between assets by applying
the DCC (1,1) structure to conditional correla‑
tions.
For each asset (i), the conditional mean equation
is presented as follows [38]:

r{i,t} = µi+ϕi∗
(
r{i,t−1} − µi

)
+θi∗ϵ{i,t−1}+ϵ{i,t}

(6)
This represents the return of the asset (i) in a time
t, where is the ϐixed average, and are the coefϐi‑
cients of AR and MA respectively, which ϵ{i,t} is
the error term.
The GARCH (1,1) univariate model for each asset
(i) is deϐined as follows [39]:

h{i,t} = ωi + αi ∗ ϵ{i,t −1}2 + βi ∗ h{i,t−1} (7)

The conditional variation of the asset (i) in time
t is indicated by the fact that, where, is the devi‑
ation, is the ARCH coefϐicient, and is the GARCH
coefϐicient.
That the structure of the DCC is given by [40] as:

qt = (1− a− b)∗Q+a∗

ϵ{t−1} ∗

ϵ{ ‘
t−1

}
+b∗q{t−1}

(8)
t is thematrix of dynamic conditional correlations
in time, Q is the unconditional correlation matrix,
a and b are the coefϐicients of DCC, and ut is the
uniform residue vector.

5. Results and Discussion
In this section, we will attempt to explore the in‑

direct effects across ϐinancial and commodity markets
in the United States of America, using self‑regression
models conditional on the heterogeneity of the varia‑
tion heterogeneity of the generalized multivariate er‑
rors (GARCH‑M), as representedby the static conditional
correlation model (CCC‑GARCH) and the dynamic condi‑
tional correlationmodel (DCC‑GARCH). Themultivariate
time series of our study consists of 2490 views for each
asset.

Here,we ϐirst study thedescriptive statistics ofmar‑
ket returns to get an idea of the salient facts of the stud‑
ied time series, as shown in the following table:

We note from the statistical results in Table 1 that
the average returns of the markets are positive, while
the unconditional volatility of each series is measured
by standard deviations (Std. Dev.), and the sample dif‑
ferences range from 0.0038421% (RPG) to 0.0071589%
(RC). The torsion coefϐicients (skewness) indicate that
the examined series is far from being normally dis‑
tributed, and we also note that the distribution of re‑
turns at the level of the entire market took an elongated
form, which explains the problem of the thickness of the
tails; the Kurtosis coefϐicient exceeded the value of the
three that correspond to the normal distribution, which
means that the chains of returnsdeviate from thenormal
distribution, as thedistribution gathersmore around the
average. This is conϐirmed by the Jarque‑Bera test statis‑
tics, which indicate that the returnsdonot follow thenor‑
mal distribution in all markets during the study period,
as illustrated in Figure 1:

Figure 1. The results of testing the normal distribution of the
series of daily returns of the U.S. markets.
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Table 1. Descriptive statistics of market returns during the study period.

RS&P500 RDJI RPG RC RS

Mean 0.000185 0.000158 0.000143 8.9356e−006 −1.1882e−005
Median 0.000286 0.000298 0.000201 0.000000 0.000166

Maximum 0.038944 0.046749 0.020381 0.033518 0.027909
Minimum −0.055441 −0.060114 −0.025613 −0.082949 −0.048171
Std. Dev. 0.004041 0.004285 0.0038421 0.0071589 0.0056394
Skewness −0.80794 −0.94602 −0.20856 −1.3822 −0.54909
Kurtosis 15.727 22.645 2.8573 16.618 5.3698

Jarque‑Bera 225931.0 353573.0 862.93 129446.0 3116.7
Probability 0.0000 0.0000 0.0000 0.0000 0.0000
Observations 2490 2490 2490 2490 2490
Q(2)(10) 16.3471** 14.0009** 9.50888** 8.27316** 6.87563*
ARCH (10) 158.12** 166.04** 10.946** 7.0152** 12.959**

ADF −28.73** −28.00** −20.06** −28.23** −29.41**
Notes: (***) and (**) and (*) indicate statistical signiϐicance at the levels (1%, 5%, and 10%, respectively), and ARCH (10) represents the Lagrange multiplier tests
for heteroscedasticity up to the 10th lag, while Q2(10) represents the Ljung‑Box statistics for squared returns. ADF refers to the augmented Dickey‑Fuller unit root
tests for the residuals after estimating the ARCHmodel, which includes both trend and intercept in the equation.

The results of the Jarque‑Bera test also show the ap‑
plication of the types ofmulti‑variableGARCH‑Mmodels,
to measure the volatility of returns using the daily data
series of market returns. We can then observe uncon‑
ditional correlations betweenmarkets using the correla‑
tion matrix and, as shown in Figure 2, there is a strong
correlation between market returns.

Figure 2. The movement of daily returns of ϐinancial and com‑
modity markets in the USA.

InFigure2, we appliednatural logarithms to a time
series ofmarket returns and calculated daily logarithmic
returns to stabilize the variance and achieve stability, as
these conversions allow us to focus on changes in asset
prices instead of their absolute levels.

By looking at Figure 3, we notice that there are
varying degrees of volatility and distinct periods of
movement. It is quite clear that large returns from the

markets tend to be followed by large returns as well;
small returns from the markets tend to be followed by
low returns. Statistically, the combination of ϐluctu‑
ations indicates a strong subjective correlation in the
quadratic return of thesemarkets, because the quadratic
return measures the moment of the second rank. The
time series presented in Figure 3 shows a temporal
change in the conditional variation and a combination
of ϐluctuations, which indicates that the dynamics of
market returns are affected by various factors such as
macroeconomic conditions, market developments, and
the psychological state of investors. This means that
the returns can be better modeled with a multivariate
(GARCH‑M).

Figure 3. Returns of ϐinancial and commodity markets in the
USA.

(1) Estimating the CCC‑GARCHmodel:
Results of estimating the GARCH (1,1) model on

the returns of the U.S. markets:After diagnosing the re‑
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turn series of the studied markets, we here estimate the
GARCH (1,1) model under the assumption of normally
distributed errors, as this is considered a fundamen‑
tal step in the application of multivariate GARCH mod‑
els, Table 2 summarizes the results, which indicated a
strong correlation between markets returns. This was
conϐirmed by the values of α(ARCH) and β(GARCH):

This model was estimated using the student distri‑
bution because of the lack of a normal distribution of re‑
turns, where the returns’ correlation was direct to vary‑
ingdegrees. There is a strong indirect correlationof 92%
between the ϐinancial markets, while there is a moder‑
ate negative correlation between the ϐinancial markets
and the gold market, which can be considered alterna‑
tive investments and a haven for investments in ϐinan‑
cial assets. Conversely, the results of the CCC GARCH
model conϐirmed a weak positive correlation between
the ϐinancial and agricultural product markets, speciϐi‑
cally the corn and soybean markets. This may be at‑
tributed to the signiϐicant development in the American
ϐinancial markets that have not yet reached the agricul‑
tural product markets, in addition to the trading volume
and the level of investments in both markets, as shown
in Figure 4 below:

Figure 4. Results of estimating the CCC‑GARCH (1.1)model on
the returns of American markets.

As shown inTable 3, the attached probability value
of Hosking, Li and McLeod is less than the statistically
signiϐicant level (5%), indicating that there is a subjec‑
tive correlation in the error boxes at the delay periods 5,
10, 20, and 50, as is also shown in the following table:

(2) Estimating the DCC‑GARCHmodel:

Table 4 shows the results of the dynamic condi‑
tional correlation model (DCC‑GARCH), as it was found
that there were dynamic conditional correlations over
time that are negative between the ϐluctuations of the re‑
turns ϐinancial markets and gold market returns in the
United States of America, meaning that there is no sen‑
sitivity to the returns in these markets to the changes
that occur between them dynamically over time, these
results are consistent with the results of the study [18].
In other words, events that affect the change of the re‑
turn of one market index do not affect the change of the
return of other market indices in the same direction, as
these correlations indicate that the returns of each asset
tend to move in opposite directions. This relationship
may help investors to diversify their portfolios and re‑
duce the overall risks they may be exposed to due to a
ϐinancial crisis in this market.

On the other hand, the time‑positive dynamic con‑
ditional correlations shown in Figure 5, which differ sig‑
niϐicantly from zero between the yield ϐluctuations in ϐi‑
nancial markets and agricultural commodity market re‑
turns in the United States, indicate that there is a sensi‑
tivity to the returns of these markets to the changes that
take place between themdynamically over time; in other
words, the events that affect the return change of one
market index affect the change of other market indices
in the same direction, where it was found that the sensi‑
tivity among other markets indices was weak.

Figure 5. Results of estimating the DCC‑GARCHmodel onmar‑
ket returns.

We note from Figure 5 that the sum of the coefϐi‑
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Table 2. Results of estimating the GARCH (1,1) model on the returns of the U.S. markets.

RS&P500 RDJI RPG RC RS

Mean Equation C 0.000357 ** 0.000311 ** 0.00008 ** 0.00010 ** 0.00003 **
AR(1) −0.051478 ** −0.025942 ** 0.00339 ** −0.01228 0.00332 **

Variance Equation α(ARCH) 0.125009 ** 0.127869 ** 0.02749 ** 0.10814 ** 0.07254 **
β(GARCH) 0.897009 ** 0.893713 ** 0.97386 ** 0.90757 *** 0.93428 **

α+β 1.02202 1.02158 1.00136 1.01572 1.00683
Log likelihood 10285.180 10389.019 10390.687 8984.981 9518.006

Table 3. Li and McLeod, Hosking test results for the CCC‑GARCHmodel.

Testing Lags Q Statistics
Consolidated Residues* Uniϐied Residual Quadrature**

Hosking
5 187.626 [0.0001974] 356.587 [0.0000000]
10 305.113 [0.0087397] 491.026 [0.0000000]
20 548.858 [0.0606361] 787.974 [0.0000000]
50 1189.194 [0.8857143] 1524.07 [0.0000001]

Li and McLeod
5 187.592 [0.0001987] 356.401 [0.0000000]
10 305.096 [0.0087559] 490.826 [0.0000000]
20 548.877 [0.0606566] 787.1442 [0.0000000]
50 1190.89 [0.8785783] 1523.47 [0.0000001]

Note: The numbers in brackets in the third column are the statistics of (t), (5) Q, (10) Q, (20) Q, and (50) Q, indicating the tests of the rank (5, 10, 20, 50) for the
serial variation of the uniform residue and the square of the uniform residue respectively, while the numbers in brackets in the fourth column are the values of (P).
A score of (*) and (* *) indicates that the values of (P) have been corrected with a degree of freedom of (1 and 2), respectively.
Source: Prepared by the researchers based on the Ox‑Metrics software.

cients (alpha and beta) was 0.983865, which indicates
the existence of continuity in correlations in the long
term between the returns of ϐinancial markets and the
returns of commodity markets in the United States. This
result reinforces the result obtained when analyzing the
CCC‑GARCH model.

It is clear fromTable 4 that the attachedHosting, Li
and McLeod probability are statistically signiϐicant (less
than 5% and 10%), indicating that there is a subjective
correlation in the error boxes at the delay periods 5 and
10. The following ϐigure illustrates the dynamic condi‑
tional correlations between market returns:

Figure 6 shows the correlations between the ϐluc‑
tuations of market returns, as the changes have been sig‑
niϐicant over time. It is also clear to us that there is a
sharp rise in correlations, especially during times of cri‑
sis and ϐinancial turmoil. This means the transmission
of infection between markets is thus conϐirmed by Fig‑
ure 7, which shows the conditional differences between
them.

Figure 6. Dynamic conditional correlation for Engle between
market returns.

Figure 7. Conditional common variation between market re‑
turns according to the DCC model (Engle).
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Table 4. Li and McLeod, Hosking test results for the DCC‑GARCH model.

Testing Lags Q Statistics
Consolidated Residues* Uniϐied Residual Quadrature**

Hosking
5 181.957 [0.0005444] 183.054 [0.0003623]
10 304.490 [0.0093352] 279.000 [0.0857367]
20 540.237 [0.0981827] 527.862 [0.1713198]
50 1194.25 [0.8639909] 1213.66 [0.7518401]

Li and McLeod
5 181.914 [0.0005485] 183.032 [0.0003637]
10 304.446 [0.0093784] 279.079 [0.0852275]
20 540.281 [0.0979518] 527.907 [0.1709730]
50 1195.83 [0.8567525] 1214.28 [0.7478258]

6. Conclusions
The returns from ϐinancial markets and agricul‑

tural commodity markets indicate that the returns of
both these assets tend to move in the same direction
but at different rates. This relationship may provide in‑
vestors in the U.S. ϐinancial market with an opportunity
to diversify their portfolios by investing in other mar‑
kets to reduce the overall risks they might be exposed
to due to future ϐinancial crises. Investing in the gold
market is considered a haven for investment in the ϐi‑
nancial markets in the United States while investing in
agricultural commodity markets does not appear to re‑
duce risks in the ϐinancial markets but rather increases
themas they are positively correlated, an outcome is that
is consistent with the study by [15]. This means that in‑
vestors cannot achieve investment diversiϐication by in‑
vesting in the assets of these markets simultaneously,
which aligns with the result of the study by [12]. It may
be noted that the correlation coefϐicients between the re‑
turns of ϐinancial markets and agricultural commodity
markets are generally weak, indicating a divergence in
the development between these markets and a low de‑
gree of integration. This necessitates further develop‑
ment of agricultural commodity markets in the United
States to achieve more connections to make appropriate
hedged investment decisions.

The study also found that indirect effects were
mostly driven by short‑time horizons, followed by
medium‑ and long‑time horizons, which highlights the
importance of considering the evolving nature of corre‑
lations when making asset allocation decisions (ϐinan‑
cial and commodity), as well as their importance to

investors, portfolio managers, and government depart‑
ments (policymakers) of managing risks during periods
of crisis. It is possible to apply the DCC‑GARCH model
to other markets and expand this study to include most
markets that use other more sophisticated models to ex‑
plore the impact of macroeconomic factors on dynamic
correlations, and to develop new ways to improve the
portfolio based on time‑varying correlations as these
give more accurate and realistic results in showing indi‑
rect effects between the returns of these markets.

The study also demonstrated that indirect effects
were mostly driven by short‑time horizons, followed by
medium and long‑time horizons. This highlights the im‑
portance of considering the evolving nature of correla‑
tions when making asset allocation decisions (ϐinancial
and commodity) and their special importance for port‑
folio managers to build an ideal portfolio and predict
ϐluctuations between markets. This research can be ex‑
panded to include exchange markets.
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