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Financial market volatility represents a major challenge for investors, policymakers,
and risk managers, as it directly affects investment decisions, portfolio allocation,
and financial stability. Financial time series are characterized by volatility clustering,
conditional heteroskedasticity, and asymmetric responses to shocks, which limit
the ability of traditional linear models such as ARIMA to capture market dynamics.

To address these limitations, recent studies have increasingly adopted hybrid
ARIMA-GARCH and CS-GARCH frameworks that jointly model linear depen-
dencies in the conditional mean and nonlinear dynamics in conditional variance.
These models have demonstrated superior performance across various asset clas-
ses, including equities, oil prices, and cryptocurrencies, due to their ability to cap-
ture both short-term fluctuations and long-term volatility persistence.

Despite these advances, the application of hybrid ARIMA-CS-GARCH mo-
dels to major Saudi stocks remains limited. In particular, few studies have examined
the decomposition of volatility into permanent and transitory components or eva-
luated out-of-sample forecasting performance using recent high-frequency data.
Given the strategic importance of Saudi Aramco in both domestic and global ener-
gy markets, a comprehensive volatility modeling framework is needed.

Accordingly, this study analyzes the daily adjusted closing prices of Saudi Aram-
co over the period from January 2, 2022 to May 8, 2025. It aims to assess the suita-
bility and forecasting performance of the ARIMA(2,1,2)-CS-GARCH(0,1) model
in capturing conditional volatility dynamics. Specifically, the study addresses the
following research questions:

« How effectively does the ARIMA (2,1,2)-CS-GARCH(0,1) model capture
volatility dynamics in Saudi Aramco stock prices?

« Does the hybrid model provide more accurate out-of-sample forecasts than
the conventional ARIMA model?

» How can the model’s results support investment and risk management deci-
sions in a volatile market environment?

Recent empirical and methodological literature provides evidence that linear
ARIMA models are limited in their ability to capture stylized facts of financial time
series, particularly volatility clustering and conditional heteroskedasticity. This limita-
tion has motivated the widespread adoption of hybrid ARIMA-GARCH frameworks,
which combine mean and variance modeling to better represent financial dynamics.

A first strand of literature demonstrates the superiority of hybrid ARIMA-
GARCH models over standalone linear specifications. C. Dritsaki (2018) shows that
combining ARIMA with GARCH significantly improves the modeling of oil price
returns, while K. Sun (2017) confirms similar improvements for U.S. index returns,
as evidenced by information criteria and out-of-sample evaluation. N. Vo & R. Sle-
paczuk (2022) find that hybrid ARIMA-GARCH models outperform ARIMA in
both forecasting accuracy and trading performance under rolling-window analysis.
A second strand emphasizes the importance of asymmetric volatility modeling and
distributional assumptions. A. Hossain et al. (2015) and O. Adegboyo & K. Sarwar
(2025) demonstrate that asymmetric GARCH specifications, particularly EGARCH
and GJR-GARCH under heavy-tailed distributions, better capture the differential
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impact of positive and negative shocks. These findings are consistent across both
developed and emerging markets. A third strand highlights volatility persistence and
long-memory behavior. B. Abu Zarour & C. Siriopoulos (2008) show that CS-
GARCH models are particularly suitable for markets characterized by persistent
shocks, while T. Liu & Y. Shi (2022) further demonstrate that component-based and
distribution-sensitive GARCH models improve forecasting accuracy. Similarly,
J. Contreras-Reyes et al. (2024) and S. Benbachir (2025) confirm the presence of
long-range dependence in financial volatility, supporting the use of fractional and
component-based models.

In addition, recent studies across different markets reinforce the robustness of
hybrid and asymmetric models. Evidence from African markets (Wanjuki et al.,
2024; Karugano et al., 2023), Asian markets (Wang et al., 2022; Xiang, 2022), and
BRICS economies (Singh et al., 2024) consistently shows that advanced GARCH-
type models outperform symmetric alternatives, particularly in volatile and struc-
turally unstable environments. Similar conclusions are reached in cryptocurrency
and digital asset markets (Sozen, 2025; Queiroz, David, 2023; Silva, Maciel, 2025),
where model performance depends strongly on asset-specific characteristics and
market conditions.

Despite this extensive literature, several important gaps remain. Empirical ap-
plications of hybrid ARIMA-CS-GARCH models to Saudi Aramco stock remain
scarce, despite its global significance. In addition, most studies rely on standard
GARCH specifications and do not consider volatility decomposition into long- and
short-term components. Furthermore, existing evidence on the Saudi market is
often based on outdated datasets and lacks rigorous out-of-sample forecasting using
recent high-frequency data.

So, the purpose of the article is to address these gaps by applying a hybrid
ARIMA-CS-GARCH model to decompose the long- and short-term volatility of
Saudi Aramco stock and to evaluate its out-of-sample forecasting accuracy using
recent daily data.

Research methods. To address these gaps, this study applies a hybrid ARIM
(2,1,2)-CS-GARCH (0,1) framework to Saudi Aramco's daily stock prices over the
period 2022—2025. It further evaluates multiple error distributions, including
Normal, Student-t, and GED, as well as their skewed variants. This approach pro-
vides a more accurate representation of volatility dynamics and improves forecas-
ting performance.

DESCRIPTIVE AND DYNAMIC ANALYSIS
OF TIME SERIES OF THE ADJUSTED CLOSING
PRICE OF SAUDI ARAMCO

The adjusted closing price of Saudi Aramco (SAOC) represents the final stock price
after accounting for dividends and stock splits, reflecting the share’s true market
value. Analyzing this price helps understand overall price behavior, volatility levels,
and potential trends, while identifying dynamic features such as volatility clustering
and random walk behavior. This analysis guides the selection of appropriate econo-
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metric models, such as ARIMA for linear patterns and GARCH for conditional
variance dynamics (Dritsaki, 2018).

Fig. 1 clearly demonstrates that the time series under study exhibits significant
dynamism and volatility. Furthermore, graphical observations reveal a random
walk pattern, where both the mean and the variance appear to be time-dependent,
which initially indicates the non-stationarity of the time series of the adjusted clo-
sing price of Saudi Aramco shares.

EMPIRICAL METHODOLOGY

This study adopts a time-series econometric framework to jointly model the condi-
tional mean and conditional variance dynamics of the analyzed series. Specifically,
linear dependencies are captured using ARIMA models, while volatility clustering
and heteroskedasticity are modeled through various GARCH-type specifications.

ARIMA Models. The conditional mean of the series is modeled using the clas-
sical Autoregressive Integrated Moving Average (ARIMA) framework introduced
by Box and Jenkins. An ARIMA (p, d, q) process combines autoregressive terms,
differencing operators to ensure stationarity, and moving average components, and
can be expressed as (Box et al., 2016, p. 76, 94).

DL)VYY, =c+O(L),, (1)
O(L)=(1-p,L-¢,L" -...-p, L"), (1.1)

where
O(L)=(1-6,L-6,L" -...-6,L"). (1.2)

Its mathematical specification can be written as follows (Wang, 2024, p. 2):
P q
YO =c+> @Y +e +> Be, )

i=1 j=1
where p and g denote the orders of the autoregressive and moving average compo-
nents, respectively, d represents the order of integration, c is a constant term, and €,
is a white-noise error term. Model stationarity and invertibility conditions are veri-
fied following standard criteria.

ARCH Models. Following R. Engle & G. Lee (1982), the ARCH(q) model
specifies the variance as a function of past squared innovations (Tsay, 2010, p. 115—
116). According to the following general mathematical specification:

Et - O-tct > (3)
where {C, } denotes a sequence of independent and identically distributed random
variables with zero mean and unit variance.

As for the conditional variance, it can be specified as follows:

2 2 2 2
0, = 0‘0 +0L18t—1 +u2€t—2 e +0L58t—s’ (31)

with &, =0, o, >0 fori=1,..s- 1,and o > 0. These parameter restrictions are
imposed to ensure that the conditional variance o, is always positive. Moreover, the

additional condition ) |, <1 guarantees that the series is covariance-stationary,
. . . -1:1 .
with a finite unconditional variance o>,

ISSN 2522-9303. Exonomika Ykpainu. 2026. Ne 8 (777) 57



I. Hosni, I. Said, H. Zanane, S. Chibout

GARCH Models. The ARCH model captures the evolution of conditional
variance over time but often requires a high lag order. To address this, Bollerslev
(1986) introduced the GARCH model, which generalizes ARCH and more effec-
tively models volatility dynamics. It can be expressed according to the following
general mathematical specification (Box etal, 2016, p. 366):

ol =a —i—Zcx,e“—i-ZBJoU, (4)

with o, =0, o, >0 fori=1,..s-1, andu >0 In addition to 8, 20 forj=1,
. r—1and B > 0. These parameter restrictions are sufficient to ensure that the
conditional variance o° remains strictly positive. D. Nelson & C. Cao (1992) showed
that these restrictions can be slightly relaxed, allowing some parameters to be ne-
gative while the conditional variance remains positive. The additional condition

Z(ui—kﬁi)—ﬂ, where m = max(s,r) with o, =0 for i >s and 3, =0 for j>r,

\l/\;}llich ensures that the unconditional variance o~ is finite.

Modern extensions of GARCH models. Because traditional GARCH models
fall short of describing the asymmetry of volatility and its dynamic behavior over
time, nonlinear extensions have emerged that aim to provide a more flexible and
realistic representation of financial volatility.

Component GARCH (CS-GARCH). Traditional GARCH models (Tim Bol-
lerslev) effectively capture short-term conditional volatility but assume constant long-
term variance. To address this limitation, the component GARCH (CS-GARCH)
model proposed by R. Engle & G. Lee (1999, p. 477) decomposes volatility into
long-term (permanent) and short-term (transitory) components. Accordingly, the
CS-GARCH model is specified as follows

ht = qt + St >
s, =(a+P)s,, +OL(€?4 =h,_,) (5)

g, =w+tpq,, + @(61271 =h,,)
where s, represents the short-run (transitory) component, while g, denotes the
long-run (trend) component. As shown by the above equations, the volatility in-
novation (€;_, —h,_,) acts as the fundamental driving force behind both components
simultaneously (Engle, Lee, 1999, p. 478).

The short-run component tends to revert to its mean (zero) at a geometric rate
equal to (. +f3), provided that 0 < (o +3) < 1. The long-run volatility component
evolves according to an autoregressive process and converges to a constant level
when 0 <p < 1. The long-run component is more persistent than the short-run
component, implying that 0 < (o +(3) < 1.

EGARCH Model. Proposed by D. Nelson (1991, p. 350—351), the EGARCH
(p, @) model specifies the logarithm of the conditional variance as

In(h,)=q, —i—iﬁkg(zt_k), (6)
where k=t
g(z,) =0z, —|—'y(|zt|—E|zt |). (7)
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This formula ensures a permanent positive representation of variances without
the need to impose constraints on coeflicients, and it also allows for the representa-
tion of the asymmetric response to fluctuations.

TGARCH/GJR-GARCH Model. To explicitly model asymmetric responses
to negative shocks by incorporating a conditional variable (indicator function) that
is activated only when negative shocks occur (Glosten et al., 1993, p. 1787) pro-
posed the TGARCH model:

S r
O'f =Q, +Z(0Li +,\‘iIt—i)€f—i +ZBjof*j . (8)
j=1

i=1

NGARCH Model. R. Engel & V. Ng (1993, p. 1755) introduced the NGARCH
model, which incorporates nonlinearity and asymmetry directly into the varian-
ce equation:

h, =w+0Bh,_ +ale, , +h ). (9)

The minimum point of the curve occurs at e, | = (—ﬂ{)-\/ﬂ , and it shifts to
the right of the origin, when 7 is negative, implying that negative shocks generate
higher volatility than positive shocks.

APARCH model. Z. Ding et al. (1993, p. 98) proposed the APARCH model,
which allows for asymmetry, nonlinearity, and varying degrees of volatility respon-
ses to shocks on magnitude and direction.

&= O-tQt ’ (10)
) q R ;
o =+ Zo‘i(|€t—i| &) +Z B;‘G?ﬂ‘ , (11)
i—1 =1

where o, =0, 0, >0 with o, >0fori=1, .., p. It also is required that -1 < ~, <1
for i =1, ..., p, allows the model to capture degree of asymmetry between positive
and negative shocks. In addition, 3, >0forj=1,..,q.

FIGARCH Model. To capture long-memory properties in volatility dynamics,
R. Baillie, T. Bollerslev, & H. Mikkelsen (1996, p. 8) introduced the FIGARCH
model:

[1-B(L)]o} = w+[1-B(L)- (L)1~ L)' ]}, (12)

where d € (0,1) denotes the fractional integration parameter.

Hybrid ARIMA-GARCH Model. To jointly model linear dynamics in the
mean and nonlinear volatility behavior, a hybrid ARIMA-GARCH framework is
adopted. The conditional mean is specified as:

Yt(d):u[-|-gt, (13)
)4 q
he=c+) @Y+ 0e
2 28w (14)
while the conditional variance follows a SC-GARCH process:
ht - qt + St >
s, =(a+0B)s,, +ale, -h,), (15)

q, =w+pq,,+ kP(Ef-l - ht—l ).
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Times Series Preparation
Daily Adjusted Closing Price (SAOC)
02/01/2022 — 08/05/2025 (884 views)

The training datasets
consists of 829 observations
(representing 99% of the total),
labeled as SAOCT, and is employed
for model estimation
an enhancement

Test Data: 5 observations,
labeled as SAOCTS - used for evaluating
predictive accuracy

Fig. 2. Steps to Estimate the Model
Source: computed by the authors.

Thus, the ARIMA-CS-GARCH model offers a comprehensive and flexible
framework for analyzing the time series, enabling the separation and estimation of
both the linear dynamics in the mean equation and the dual short- and long-term
fluctuations in the conditional variance.

MODEL SELECTION CRITERIA

Model selection is conducted using standard information criteria:
AIC =-2In(L)+ 2k,
BIC = -2In(L) +In(N)k, (16)
HQC = -2In(L) +2In(In(N))k,
where L denotes the maximized likelihood function, k — the number of estimated
parameters, and N — the sample size. The model that achieves the lowest value

among the AIC, SBC, or HQC criteria is considered the best model when making
comparisons.

FORECAST ACCURACY MEASURES

Forecasting performance is evaluated using the following loss functions:

1< . 1< .
MSE:—Z(G,Z—of ?, RMSE = —Z(Gf—ﬁf)z,
T = T &

1 N|[o? 62 )
MAPE:?Z | x100].

=T g,

Lower values of these measures indicate superior forecasting accuracy.

Fig. 2 illustrates the division of the time series into segments for the analysis.
Note that it does not depict the sequential testing procedures, but rather the struc-
turing of the series.
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EMPIRICAL FINDINGS AND DISCUSSION

Descriptive statistics. This subsection presents the descriptive statistics of the
SAQOC series, summarizing its central tendency, dispersion, and distributional
properties, as reported in Table 1.

Table 1 shows that the adjusted closing price reached its highest value in 2022
and its lowest in 2025. The series exhibits moderate dispersion around its mean
(SD = 2.435), indicating a relatively stable variation. The skewness coefficient is
slightly positive, suggesting a right-skewed distribution, while the kurtosis value is
below 3, indicating lighter tails than the normal distribution. Overall, these results
suggest that the series deviates from normality.

Table 1. Descriptive Statistics of the Time Series (SAOC)

Descriptive Statistics of SAOC Adjusted Closing Price

Kurtosis | Skewness | Std. Dev | Max Min | Median | Mean | Observations
1.883 0.144 2.435 | 35.615 | 24.840 | 29.591 | 29.821 834
Source: computed by the authors.
Table 2. Stationarity Test Results for SAOCT (ADF and PP)
ADF Test
(I1) At first difference (10) At Level
p-value Test Statistic p-value Test Statistic
None 0.01 -18.8 0.545 -0.344
Constant 0.01 -18.8 0.297 -2.080
Constant & Trend 0.01 -18.8 0.121 -3.080
PP Test
(I1) At first difference (10) At Level
p-value Test Statistic p-value Test Statistic
None 0.01 -590 0.550 -0.331
Constant 0.01 -590 0.429 -1.750
Constant & Trend 0.01 -589 0.246 -2.780
Source: prepared by the authors based on outputs from the R.
Table 3. ARIMA(2,1,2) Estimation Results
Variable Coefhicient Std. error T-statistic p-value
AR(1) 1.3064 0.1247 10.4751 0.00000
AR(2) —0.5801 0.1308 —4.4362 0.00000
MA(1) -1.1356 0.1425 —~7.9674 0.00000
MA(2) 0.3847 0.1495 2.5725 0.00000
Source: prepared by the authors based on outputs from the R.
ISSN 2522-9303. Exonomika Ykpainu. 2026. Ne 8 (777) 61
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1.0k SR O Inverse Roots of AR Polynomial
i T . @ Inverse Roots of MA Polynomial
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N L Fig. 3. Inverse Roots of AR(p) and
10k el MA(q) Polynomials
: ' ' : : Source: prepared by the authors based
-1.0 -0.5 0.0 0.5 1.0
Real Part on outputs from the R.

Stationarity Analysis of the Time Series Data (SAOCT). Stationarity is a pre-
requisite for ARCH-type models, requiring either a stationary series or an appro-
priate transformation. To assess this, the Augmented Dickey-Fuller (ADF) and
Phillips-Perron (PP) tests are applied. Table 2 reports the results for the SAOCT
training dataset.

Table 2 presents the results of the ADF and PP tests, indicating that the SAOCT
series is non-stationary at the 5% significance level, as unit roots are observed across
all specifications. Following the application of a logarithmic transformation and
first differencing, the series attains stationarity, with no unit roots detected, thereby
confirming that it is integrated of order one, I(1).

Model Selection and Parameter Estimation. The SAOCT series was made
stationaryusingalogarithmictransformationandfirstdifferences. The ARIMA(p,d,q)
model was then fitted, with the orders p and g determined using R’s automatic
selection procedure. The ARIMA(2,1,2) model provided the best fit, as indicated
by the lowest AIC.

An examination of the results reported in Table 3 above indicates that the esti-
mated parameters obtained from the model estimation process are highly statisti-
cally significant. Accordingly; the linear equation of the optimal model can be exp-

ressed in the following mathematical form:
A(LSAOCT), =1.3064- A(LSAOCT), , - a7
~ 0.5801-A(LSAOCT), , -1.1356-¢, , +0.3847-¢,_, +C,.

MODEL VALIDATION

The diagnostic stage is also one of the most crucial steps in the modeling process, as
it allows for verifying the adequacy and suitability of the initially proposed model in
representing the observed data. This is achieved by conducting a set of diagnostic
tests, among which the most important are highlighted below:

Stability and Invertibility Analysis. Verifying the conditions of stability and
invertibility of the estimated model parameters constitutes a key indicator of the
model’s efficiency and its suitability for representing the study data. To ensure that
the model proposed in the previous step satisfies these conditions, the following
Fig. 3 is presented.
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60 r | Series: Residuals
] Sample: 2022-01-02 to 2025-03-27
Observations 828
40 - || Mean -9e-05
= Std. Dev 0.010227
g Maximum 0.051134
A Minimum -0.047853
20 Kurtosis 3.938155
Skewness 0.368278
Jarque-Bera 558.419557
0 p-value <2.2e-16
-0.050 -0.025 0.000 0.025 0.050
Residuals
Fig. 5. Residual Series Normality Test Results
Source: prepared by the authors based on outputs from the R.
Table 4. Ljung-Box Test Results
Test Q-Statistic Df p-value
Ljung-Box 14.1846 13 0.3610
25.8901 24 0.3588
50.5372 58 0.7462
82.1410 88 0.6559
Source: prepared by the authors based on outputs from the R.
Table 5. Results of the ARCH Test for Model Residuals
Test LM Df p-value
ARCH Test 70.2654 13 7.172603e-10
75.0914 24 3.610408e-07
125.4246 58 7.143073e-07
163.6893 88 1.759145e-06

Source: prepared by the authors based on outputs from the R.

Fig. 3 illustrates that all the inverse roots of the AR(p) and MA(q) polynomials
lie within the unit circle. Consequently, the proposed ARIMA (2,1,2) model is both
stable and invertible.

Residual Analysis. Model adequacy requires that residuals satisfy the standard
assumptions of the stochastic error term (&t). The following diagnostic tests are
therefore applied.

Test for Autocorrelation in Model Residuals. To verify absence of autocor-
relation among the residuals, Fig. 4 presents autocorrelation function (ACF) plot of
the residual series.
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Fig. 4 shows that the autocorrelation coefficients of the residuals lie within the
confidence bounds, indicating no significant autocorrelation. This result is con-
firmed by the Ljung-Box test, where all p-values exceed 0.05 (Table 4).

Normality Test of Model Residuals. To assess the normality of the ARIMA(2,1,2)
residuals, Fig. 5 shows a distribution with a sharper peak and heavier tails than a
normal distribution. The residuals exhibit leptokurtosis (kurtosis = 3.9381) and
slight right skewness (skewness = 0.3682). The Jarque-Bera Test (p = 2.2 x 107'¢)
rejects the null hypothesis of normality. These results indicate that the residuals are
asymmetric, heavy-tailed, and display heteroscedasticity.

ARCH Effect Test. Table 5 shows that all ARCH test p-values are below 0.05,
indicating the presence of heteroskedasticity. Therefore, ARCH-type models are
applied to model the conditional variance.

SYMMETRIC AND ASYMMETRIC VOLATILITY MODELING

To address the issue of heteroscedasticity in the residuals, volatility was modeled
using both symmetric and asymmetric GARCH-type models. The main results
obtained from the estimation process are presented in Table 6.

Table 6. Comparison of GARCH-Type Models for Selecting the Best

Model Selection Criteria
Models
BIC Akaike Hannan-Quinn
apARCH(1,0) — norm -6.2970 -6.3426 -6.3251
NGARCH(2,0) — snorm -6.3717 -6.4287 -6.4068
TGARCH(2,0) — M, — norm 63722 | -6.4292 -6.4073
¢sGARCH(0,1) — snorm -6.4808 -6.5321 -6.5125
FIGARCH(3,3) — snorm -5.5414 -5.6155 -5.5871
eGARCH(0,3) — std -6.4778 -6.5291 -6.5094
eGARCH(0,3) — snorm -6.3153 -6.3666 -6.3470
eGARCH(0,2) — snorm -6.2695 -6.3151 -6.2976
eGARCH(0,1) — snorm -6.2776 -6.3175 -6.3022
sGARCH(1,0) — snorm -6.3318 -6.3717 -6.3564
sGARCH(2,0) — Mpoer — norm -6.3513 -6.3968 -6.3794
sGARCH(2,0) — MPOwrl — snorm -6.3409 -6.3922 -6.3725
sGARCH(1,0) — MPOwrl — sged -2.5213 -2.5726 -2.5529
sGARCH(1,0) — MpOWrZ — sged -2.5175 -2.5688 -2.5491
sGARCH(1,0) — MPOwr2 — norm 2.6973 2.6574 2.6727

N o te The row in bold indicates the selected optimal model, ARIMA(2,1,2)-CS-
GARCH(0,1), which achieved the lowest values across the AIC, BIC, and HQ infor-
mation criteria among all estimated specifications.

Source: prepared by the authors based on outputs from the R.
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VOLATILITY MODEL BASED ON INFORMATION CRITERIA

To identify the volatility model, a range of symmetric and asymmetric GARCH
specifications with different distributions were estimated. Among more than
750 models, the ARIMA(2,1,2)-CS-GARCH(0,1) with a skewed normal distribu-
tion (snorm) provided the best fit, minimizing selection criteria and yielding sig-
nificant parameters. The model also eliminates residual autocorrelation and he-
teroskedasticity (Table 7).

Based on the empirical estimation results presented in Table 7, the mathemati-
cal formulation of the corresponding optimal statistical model, ARIMA(2,1,2)-CS-
GARCH(0,1), can be expressed as follows .

Mean Equation: ARIMA (2,1,2)

A(LSAOCT), =1.3064- A(LSAOCT), , -
~ 0.5801- A(LSAOCT), , -1.1356-¢, , +0.3847-¢,  +C,.

Conditional Variance Equation: CS-GARCH(0,1)

This equation represents the variance dynamics of the ARIMA(2,1,2)-CS-
GARCH(0,1) model, capturing both long-term persistence and short-term fluctua-
tions in the volatility of the time series.

h, =q,+0.1573-(C;, -q,,)+0.1573-(h_ -q,_,),
q, = 0.000003 +0.9797-q, ,, (19)
(, = skew -Normal(0, h,, Skewenss=1.0535).

The ARIMA(2,1,2)-CS-GARCH(0,1) model captures both mean and variance
dynamics. The long-term persistence parameter (0.9797) indicates highly persis-
tent shocks, while short-term shocks are transitory and consistent with mean rever-
sion. Diagnostic tests on standardized residuals (z) confirm independence and
homoscedasticity (Table 8).

Table 8 shows that the p-values of both ARCH and WLB tests exceed 0.05, in-
dicating no autocorrelation or heteroskedasticity in the residuals. This confirms the
adequacy of the ARIMA (2,1,2)-CS-GARC(0,1) model.

In addition, Fig. 6 shows a close alignment between squared residuals and the
estimated conditional variance, indicating that the model accurately captures vola-
tility dynamics across both calm and turbulent periods.

Predictive Performance Evaluation of the ARIMA-CS-GARCH Model. The
ultimate goal of time series analysis is to develop models that provide accurate fore-
casts for informed decision-making. Since the ARIMA(2,1,2)-CS-GARCH(0,1)
model demonstrated the best fit-outperforming other models with significant pa-

(18)

1

It is worth noting that the long-term component in a CS-GARCH model is usually
. 2 P

presented in R as an AR(1)-type process. P(C; , =, ;). This is because the software
incorporates the innovation term within the parameter estimation procedure, without
explicitly displaying it in the output. Therefore, the difference between the theoretical
formulation as proposed by R. Engle & G. Lee (1999) and the practical R output does
not imply any inconsistency in the model; rather, it reflects a difference in presentation
between the theoretical structure and the programming implementation.
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Table 7. Estimation Results of the ARIMA (2,1,2)-CS-GARCH(0,1)

Variable Coeflicient Std.error T-statistic p-value
AR(1) 0.358036 0.096170 3.7230 0.00019
AR(2) 0.381348 0.180469 2.1131 0.03459
MA(1) -0.237436 0.078672 -3.0180 0.00254
MA(2) -0.523388 0.168320 -3.1095 0.00187
w 0.000003 0.000000 9961.1048 0.00000

B, 0.157296 0.003333 47.1875 0.00000
n, 0.979723 0.001404 697.8064 0.00000
Ny 0.157296 0.018043 8.7177 0.00000
Skew 1.053543 0.036528 28.8420 0.00000

Source: prepared by the authors based on outputs from the R.

Table 8. Diagnostic Tests for Standardized Residuals

Test Stat. Val. Df p-value
ARCH-Test [Lag 4] 1.5340 4 0.5529
Weighted Ljung-Box-Test[Lag19] 10.479 4 0.3909

Source: prepared by the authors based on outputs from the R.

Table 9. Forecasted Values of the Test Set and Relative Forecast Errors

ARIMA(2,1,2) ARIMA(2,1,2)-CS-GARCH(0,1)
Date Actual
Predicted |Relative error, % | Predicted |Relative error, %
2025-05-04 24940 | 25.1792 0.9590 25.2122 1.0914
2025-05-05 24900 | 25.2031 1.2173 25.2239 1.3015
2025-05-06 24.980 | 25.2465 1.0668 25.2328 1.0126
2025-05-07 24.840 | 25.2893 1.8090 25.2404 1.6119
2025-05-08 24.840 | 25.3201 1.9330 25.2466 1.6372

Source: prepared by the authors based on outputs from the R.

Table 10. Predictive Accuracy: ARIMA-CS-GARCH vs ARIMA

Out-of-Sample Data

Models
MSE RMSE MAE MAPE
ARIMA(2,1,2) 0.1305 0.3612 0.3477 1.4 %
ARIMA(2,1,2)-CS-GARCH(0,1) 0.1137 0.3373 0.3312 1.33 %

Source: prepared by the authors based on outputs from the R.
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rameters and strong diagnostic results — it is used to forecast the next five observa-
tions, as summarized in Table 9.

To assess the models predictive accuracy, the forecasted values from the ARIMA-
CS-GARCH model were compared with the actual values in the test set (SAOCTY).
The results are summarized in the following Table 10.

Table 10 shows that the ARIMA(2,1,2)-CS-GARCH(0,1) model outperforms
the conventional ARIMA(2,1,2) model on the test set (SAOCTS), achieving lower
MAE, RMSE, MSE, and MAPE values. This improvement reflects the hybrid mo-
dels ability to capture volatility and conditional heteroscedasticity, making its fore-
casts more accurate and reliable than the purely linear ARIMA model.

RESULTS

This study analyzes the daily adjusted closing prices of Saudi Aramco (SAOC) over
the period from January 2, 2022 to May 8, 2025, comprising 834 observations ob-
tained from Yahoo Finance. The dataset was split into a training sample (SAOCT,
829 observations, approximately 99% of the data) and a testing sample (SAOCTS,
5 observations). The training set was used for model estimation and parameter opti-
mization, while the testing set was reserved for out-of-sample forecast evaluation.

Initial graphical analysis indicates that the SAOC price series exhibits pronounced
volatility clustering and high variability over time. The series also displays characteris-
tics consistent with a random walk process, where both the mean and variance are
time-dependent, suggesting potential non-stationarity. To formally assess stationarity,
the Augmented Dickey-Fuller (ADF) and Phillips-Perron (PP) tests were applied to
the training sample. The results confirm the presence of a unit root at the level form.
However, after applying a logarithmic transformation followed by first differencing,
the series becomes stationary and suitable for econometric modeling.

Based on model estimation results, the ARIMA(2,1,2) specification is identi-
fied as the best-fitting model for the conditional mean equation. Nevertheless, diag-
nostic tests on the residuals reveal significant heteroskedasticity, indicating the
presence of ARCH effects and justifying the use of GARCH-type models for vola-
tility modeling. A comprehensive evaluation of more than 750 symmetric and
asymmetric GARCH-type models across multiple probability distributions reveals
that the CS-GARCH(0,1) model with a skewed normal distribution (snorm) pro-
vides the best overall performance in capturing conditional variance dynamics.

The estimated CS-GARCH model decomposes volatility into two distinct
components. The first is a long-term component characterized by high persistence,
reflecting structural and macroeconomic influences on volatility. The second is a
short-term component that captures temporary fluctuations resulting from imme-
diate market shocks, which tend to dissipate relatively quickly. This decomposition
provides a more detailed and realistic representation of volatility dynamics com-
pared to standard GARCH models. Finally, the forecasting evaluation demonstrates
that the hybrid ARIMA(2,1,2)-CS-GARCH(0,1) model significantly outperforms
the standalone ARIMA model in terms of predictive accuracy. This is evidenced by
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lower values of key error metrics, including Mean Absolute Percentage Error
(MAPE), Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), and
Mean Squared Error (MSE).

Overall, the results confirm that integrating ARIMA with CS-GARCH im-
proves both models fit and forecasting performance, making the hybrid framework
more suitable for capturing the complex dynamics of Saudi Aramco stock volatility.

DISCUSSION

The empirical findings of this study confirm and extend the existing literature on
hybrid ARIMA-GARCH modeling in financial markets. The superior performance
of the CS-GARCH(0,1) specification is consistent with B. Abu Zarour & C. Siriopou-
los (2008), who highlight its suitability for the Saudi market due to persistent long-
term structural shocks. Using a more recent dataset and an expanded distributional
framework, this study further validates the robustness of the CS-GARCH approach
in capturing volatility dynamics over time. In line with C. Dritsaki (2018), K. Sun
(2017), and K. Macharia et al. (2025), the results also confirm that incorporating con-
ditional heteroskedasticity significantly improves forecasting performance relative to
standalone ARIMA models. However, this study extends prior research by explicitly
decomposing volatility into long-term and short-term components, offering a more
detailed representation of market risk structure. Methodologically, the study contri-
butes by providing the first empirical application of the ARIMA-CS-GARCH frame-
work to Saudi Aramco using recent high-frequency data up to May 2025. It also
conducts a comprehensive model comparison across more than 750 specifications
and multiple probability distributions, ensuring robust model selection. In addition, it
evaluates out-of-sample forecasting performance, enhancing the practical relevance
of the results for investors and risk managers. Overall, these results distinguish the
present study from previous research that has primarily focused on standard GARCH
specifications, limited datasets, or in-sample analysis. The proposed framework inte-
grates volatility decomposition, extensive model evaluation, and predictive asses-
sment within a unified empirical structure.

Nevertheless, the study has some limitations. It does not incorporate macro-
economic variables such as oil price fluctuations, OPEC+ decisions, or global finan-
cial uncertainty, which may influence Saudi Aramcos stock dynamics. Moreover,
the relatively small size of the out-of-sample sample limits broader generalization.
Future research may extend this framework using multivariate GARCH models,
regime-switching approaches, or applications to other Saudi equities.

CONCLUSION AND RECOMMENDATIONS

This study examines the daily adjusted closing prices of Saudi Aramco (SAOC)
over the period from January 2, 2022 to May 8, 2025 using a hybrid ARIMA(2,1,2)-
CS-GARCH(0,1) framework. The model is estimated on 829 observations and
evaluated using a hold-out test sample.
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The results indicate that the proposed hybrid specification consistently outper-
forms the conventional ARIMA model across standard forecasting accuracy mea-
sures. In addition, the CS-GARCH structure provides a richer representation of
volatility dynamics by decomposing it into long-term and short-term components,
thereby offering deeper insight into the behavior of the series. These findings have
important practical implications. For investors and portfolio managers, distingui-
shing between persistent structural volatility and short-term fluctuations improves
risk assessment and supports more informed investment timing decisions. For poli-
cymakers and regulators, the evidence of strong persistence in the long-term volati-
lity component suggests that effective market stabilization policies should primarily
address structural rather than transitory factors.

Opverall, the proposed ARIMA-CS-GARCH framework represents a robust
and effective tool for modeling and forecasting volatility in the Saudi equity market.
Future research may extend this framework by incorporating macroeconomic vari-
ables, adopting multivariate specifications such as DCC-GARCH models, and ap-
plying the approach to other major stocks or sectors to assess its generalizability
under different market conditions.
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Iemain Xocni, i-p dinocodii (exoHoMiKa i TpUKIafHA CTATUCTHUKA), JOLL.
(baxynbTeT eKOHOMIKY, Tab0paTopid KiIbKiCHNX METOMIIB /1T eKOHOMIKIL,
6isHec-aIMiHiCTpyBaHHS i CTAlIOr0 PO3BUTKY

YHiBepcureT imeHi 3iane Amrypa y Ixenbdi

a/c 3117, 17000, Dxenbda, Ammxnp

Imane Caio, 5-p dinocodii (ekoHomiKa, (piHancy i GaHKIHT), TOII.

(baxynbTeT eKOHOMIKY, Ta00paTopis 3 OLiHIOBAHHA i IPOTHO3YBAHHSA
€KOHOMIYHOI ITOJIITUKI Ta CTPATETIN MiJIIPUEMCTB

YHiBepcuTeTChbKUI LeHTp Marnii

a/c 600-13300, moce Anb-3aBis, paiion Anb-lllyxama, Marsia, Tnemcen, Amxup
Xab6iba 3anane, i-p dpinocodii (ekoHOMiKa HayKM i TEXHIKM), HOLI.

(akynbTeT eKOHOMIKY, Tab0paTopist MEHEMKMEHTY MiCLieBOTO CAaMOBPsIAYBaHHS
YuiBepcuret imeni Ani Jlynici y bripi

FJ2P+X5G, Enp-Adpdpys, Ammxup

Criman Hi6y, npod. (eKOHOMIYHI HayKu)

(baxynbpreT eKOHOMIKY, Tab0paTopis KiIIbKiCHNX METOMIB I eKOHOMIKIL,
6isHec-aiMiHICTpyBaHHS i CTAlIOr0 PO3BUTKY

YHiBepcureT imeHi 3iane Amrypa y Ixenbdi

a/c 3117, Ixennbda, 17000, Aypxnp

[NTOPIBHAJIbHE EKOHOMETPMYHE JOC/III>KEHHA
MOJENIEV ARIMA-GARCH [IJId MOIETIOBAHHA
BOJATWMJIBHOCTI AKIIIM SAUDI ARAMCO

HocmifkeHo AMHAMIKy BOTAaTV/ILHOCTI LIO/IeHHUX CKOPUIOBAHMX ILIiH 3aKpUTTA aK-
uirt Saudi Aramco (SAOC) 3a gornoMorow Ti6puaHOI €EKOHOMETPUYHOI MOJENT, 1[0
noennye mofeni ARIMA i CS-GARCH. ®inaHcoBi yacoBi psAau 3a3BuUYail XapaKTe-
PU3YIOTbCA KIacTepyU3alli€lo BOMATUIbHOCTI, YMOBHOIO TeTepOCKeJaCTUIHICTIO i acu-
MeTPUYHVMMIU peaKliAMy Ha LIIOKY, 110 00MeXye e(eKTUBHICTb CyTO JIHIMTHUX MOfie-
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neit. st BupiteHHs uux npo6iem 3actocoBano mopenb ARIMA(2,1,2) pst dikcarii
THITHUX 3a/IEKHOCTEN YMOBHOTO cepefHboro i crienjudikariio CS-GARCH (0,1) st
MOJIETIIOBaHHSA 3MiHHOI y 9aci yMOBHOI JUCIIePCii Ta pO3K/IaJjaHHA BOJIATW/IbHOCTI Ha
KOPOTKO- 71 JOBTOCTPOKOBI KOMIIOHEHTH.

3 BUKOPUCTaHHAM JaHMX 3 2 ciunst 2022 p. go 8 TpaBus 2025 p. (834 criocrepexeH-
H#) IOKa3aHo, 110 PsiJ € iHTerpOBaHMM IIepIIOro MOPSKY i IeMOHCTPY€E 3HaYHY TeTepo-
ckemacTMaHicTh. [1ic/is1 MOPiBHIHHS MOferIelt, sike OXOIITIOBaIO ToHa 750 crienmdikariin
turty GARCH, mopienns ARIMA(2,1,2)-CS-GARCH(0,1) 3 acuMeTpUYHUM HOPMa/IbHUM
POSIIOfiiIoM OY/I0 BUSHAYEHO SIK ONTHMA/IbHY crienydikaliiio Ha 0CHOBI iHpopMaLiiiHuxX
KPUTEPIIB i JiarHOCTUYHMX TeCTiB. PesynbraTti 3acBi4yl0Th BUCOKY CTiMIKiCTh KOMIIO-
HEHTa JOBTOCTPOKOBOI BOIATV/IBHOCTI, TOAi K KOPOTKOCTPOKOBI IIOKM JEMOHCTPYIOTh
TUMYacOBi eeKTH, 110 ITIOCTYIIOBO 3HUKAOTb.

PesypraTy IpOrHO3yBaHHA I103a BUOIPKOIO MiITBEPHXKYIOTb, 110 Iri6pUAHA MO-
Tenb mepesepliiye Tpaguiiiiny mopmenb ARIMA 3a BciMa mokasHMKaMM TOYHOCTI
(MAPE, RMSE, MAE 1t MSE). 3po671eHo BUCHOBOK, 110 Tibpumni Mmogeni ARIMA-CS-
GARCH nponoHyoTs pobacTHWII i HafiifHWil iIHCTPyMeHTapill A1 MOJeTIoBaHHS i
IIPOTHO3YBAaHH:A BOIATU/IbHOCTI aK1iJl Ha BMCOKOAMHAMIYHMX PUHKAX, HaZAX0ul IIiH-
Hy iHpopMalito 1 iHBecTOPiB, HOPTQENIbHIX MeHeIKepiB i aHaIiTUKIB pU3KKIB Ha
¢inancosomy punky CaypniBcbkoi Apasil.

Kniouoei cnosa: sonamunvricmo axuyiti; Saudi Aramco; modeni ARIMA-GARCH; ¢i-
HAHCO8i PUHKU.
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