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ABSTRACT: This study examines the forecasting of stock returns and volatility dynamics of SABIC Agri-Nutrients
Company[25] listed on the Saudi Stock Exchange (Tadawul). Daily closing price data spanning from January 4, 2021, to
December 31, 2025, comprising 1,248 observations, were analyzed using the Box—Jenkins methodology and ARCH/GARCH
family models in EViews. Stationarity of the series was assessed through unit-root testing, and stock returns were computed
using logarithmic price differences. For mean equation modeling, several ARIMA specifications were estimated and compared
using information criteria and diagnostic statistics. The ARIMA (2, 1, 2) model emerged as the most appropriate specification
for forecasting stock returns. Seasonal diagnostics indicated the absence of significant seasonal patterns; therefore, SARIMA
modeling was deemed unnecessary. To capture conditional heteroskedasticity and volatility clustering commonly observed in
financial time series, GARCH (1, 1), EGARCH (1, 1), and TGARCH (1, 1) models were fitted and evaluated. Among the
competing volatility models, EGARCH (1, 1) demonstrated superior performance, yielding the lowest Akaike Information
Criterion (AIC = —5.462182) and the highest log-likelihood value. The estimated asymmetry coefficient was positive and
marginally significant (p = 0.0945), indicating weak evidence of asymmetric volatility responses to market shocks. The
volatility findings were further supported through the News Impact Curve derived from the TGARCH (1, 1) specification,
which illustrated differential responses of volatility to positive and negative innovations. The results provide valuable insights
for investors, portfolio managers, and risk-management practitioners seeking to understand return behavior and volatility
persistence in the Saudi equity market.
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. INTRODUCTION

Financial markets are dynamic, with prices driven by
macroeconomic  conditions, investor sentiment, and
company-specific news. Accurate return forecasting is
essential for investors and policymakers. The Saudi Tadawul
All Share Index (TASI) is among the largest in the MENA
region, offering rich opportunities for time series
modelling.SABIC  AgriNutrients  Company  (formerly
SAFCO) is a leading nitrogen-based fertilizer and urea
producer. Its stock is influenced by global commodity cycles
and petrochemical feedstock prices, making return modelling
practically significant for investors, especially under Saudi
Vision 2030.

The Box-Jenkins methodology provides a systematic
framework for ARIMA modelling. When volatility clustering
is present, the ARCH and GARCH family models model the
conditional variance. The combination of ARIMA and
GARCH-type models is a standard approach in empirical
finance .

The study objectives are: (i) model and forecast mean returns
using ARIMA/SARIMA, and (ii) analyze volatility clustering
using ARCH/GARCH-type models. Rest of the paper is
formatted as: Section 2 provides literature review and
empirical evidence, Section 3 presents methodology and data,
Section 4 results, and Section 5 presents Discussion and
Conclusions.

2. Literature Review and Empirical Evidence

Financial time series forecasting has attracted considerable
attention because accurate prediction of stock returns and
volatility assists investors, portfolio managers, and
policymakers in making informed decisions. The Box-
Jenkins methodology developed by Box & Jenkins [1]

remains one of the most widely used approaches for
modeling linear dependencies in financial time series through
ARIMA models.

Volatility modeling gained prominence following the
introduction of the ARCH model by Engle [2], which
demonstrated that financial return variances are time-varying
rather than constant. Bollerslev [3] subsequently extended
this framework through the GARCH model, allowing
volatility to depend on both past shocks and previous
conditional variances. Since then, GARCH-type models have
become standard tools in empirical finance for measuring risk
and forecasting volatility. For further reading on error
distributions used in non-normal stock prices see Almarashi
& Khan [4].

Several studies have applied ARIMA and GARCH models
jointly to stock market data. Poon & Granger [5] reviewed
volatility forecasting methods and concluded that GARCH-
family models generally outperform constant-variance
approaches. Hansen & Lunde [6] further demonstrated that
GARCH (1, 1) provides robust volatility forecasts across a
wide range of financial assets. Combining ARIMA for the
conditional mean and GARCH for the conditional variance
provides a comprehensive framework for modeling financial
returns.

Researchers have increasingly recognized that volatility
responses are often asymmetric. Nelson [7] introduced the
Exponential GARCH (EGARCH) model, which allows
positive and negative shocks to affect volatility differently.
Glosten, Jagannathan, & Runkle [8] proposed the Threshold
GARCH (TGARCH/GJR-GARCH) model to explicitly
capture leverage effects. These asymmetric models have been
widely applied in stock market research because bad news
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often produces larger volatility responses than good news of
equal magnitude.

Empirical evidence from emerging and developed markets
supports the superiority of asymmetric volatility models.
Karmakar [9] reported that EGARCH and TGARCH models
outperform symmetric GARCH specifications in capturing
volatility dynamics in the Indian stock market. Chkili, Aloui,
& Nguyen [10] found significant asymmetric volatility
effects across major international stock indices, suggesting
that investors react differently to positive and negative market
information. Within Middle Eastern markets, volatility
modeling has received growing attention. Alberg, Shalit, and
Yosef [11] examined stock market volatility in Israel and
reported that EGARCH models provided superior forecasting
performance. Al Freedi, Shamiri, and Isa [12] applied
GARCH-family models to Gulf stock markets and found
substantial evidence of volatility clustering and persistence.
Likewise, Al-Yahyaee, Mensi, & Yoon [13] documented
strong volatility persistence in GCC equity markets and
emphasized the importance of asymmetric volatility models
for risk management.

Studies focusing on the Saudi stock market have reported
similar findings. Hammoudeh & Li [14] observed significant
volatility persistence and asymmetric responses in Gulf
Cooperation Council stock markets. Algahtani & Taillard
[15] found that Saudi stock returns exhibit volatility
clustering and leverage effects that are effectively modeled
using EGARCH specifications. More recently, Mensi et al.
[16] demonstrated that volatility forecasting accuracy in
Saudi equity markets improves substantially when nonlinear
GARCH-family models are employed. Similarly, Almustafa
& Alshammari [17] reported that EGARCH-based models
outperform conventional GARCH models for forecasting risk
in selected Saudi-listed companies.

Recent developments continue to support the relevance of
volatility modeling in emerging markets. Zhang, Wang, &
Liu [18] showed that asymmetric volatility models remain
competitive even when compared with machine-learning
approaches. Likewise, Kumar & Maheswaran [19] concluded
that EGARCH and TGARCH models provide superior risk
forecasts for commodity-linked stocks because they
effectively capture the impact of market shocks and
uncertainty.

Overall, the literature suggests that ARIMA models remain
effective for modeling conditional mean dynamics, whereas
GARCH-family models are essential for capturing volatility
clustering and persistence. Furthermore, asymmetric models
such as EGARCH and TGARCH frequently outperform
symmetric GARCH specifications, particularly for financial
assets exposed to commodity price fluctuations and market
uncertainty. These findings provide a strong theoretical and
empirical foundation for applying ARIMA, GARCH,
EGARCH, and TGARCH models to SABIC Agri-Nutrients
stock returns.

Recent studies have further strengthened the evidence
supporting the application of GARCH-family models in the
Saudi stock market. Almarashi et al. [20] investigated stock
price volatility using ARCH and GARCH models and
reported significant volatility clustering and persistence,
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confirming the suitability of conditional heteroskedasticity
models for financial time series analysis. More recently,
Almarashi et al. [21] examined the mean and volatility
behavior of Saudi Cement Company stock returns using
ARIMA and GARCH approaches. Their findings
demonstrated that integrating mean and variance models
improves forecasting performance and provides a
comprehensive understanding of stock return dynamics and
risk. These results highlight the effectiveness of ARIMA-
GARCH frameworks in modeling Saudi equity markets and
provide further justification for applying similar
methodologies to SABIC Agri-Nutrients stock returns.
Although previous studies such as Almarashi et al. [20] and
Almarashi et al. [21] have successfully applied
ARCH/GARCH and ARIMA-GARCH frameworks to Saudi
stocks, their analyses focused primarily on general stock
volatility and the cement sector. Limited empirical evidence
exists for the fertilizer and agri-nutrient industry, particularly
SABIC Agri-Nutrients Company, whose performance is
strongly influenced by global commaodity prices, agricultural
demand, and petrochemical market conditions. Furthermore,
existing Saudi studies have devoted relatively little attention
to comparing symmetric and asymmetric volatility models,
such as GARCH, EGARCH, and TGARCH, using recent
post-COVID market data. Therefore, this study extends the
literature by investigating both return dynamics and volatility
behavior of SABIC Agri-Nutrients stock and by evaluating
the relative forecasting performance of alternative GARCH-
family specifications.

3. Methodology

3.1 Box-Jenkins Methodology

The Box-Jenkins methodology, as suggested by Box &

Jenkins [1] is a widely used approach for time series analysis

with three stages: model identification, estimation, and

diagnostic checking. The series must be stationary; if non-

stationary, differencing is applied.

3.2 ARIMA Model

An ARIMA (p, d, g) model combines autoregressive (AR),

differencing (d), and moving average (MA) components.

Orders p and g are identified from PACF and ACF.

Parameters are estimated via MLE. Model selection uses AIC

developed by Akaike, H. [22] and BIC (lower = better). The

ARIMA model is used to capture the conditional mean

dynamics of stock returns. Since financial price series are

typically non-stationary, log returns are used to ensure

stationarity. The general ARIMA (p, d, q) representation is:
¢(B)(1 = B)Y; = 6(B)e;

Where Y, is the return series, B is the backshift operator, and

&, is a white-noise error term.

Model parameters are estimated using Maximum Likelihood

Estimation (MLE), and model selection is based on AIC,

BIC, and diagnostic checking.

3.3. GARCH Model:

The Generalized Autoregressive Conditional

Heteroskedasticity (GARCH) model was proposed by Tim

Bollerslev[3] developer of GARCH model (1986) as an

extension of the ARCH model introduced by Robert F. Engle

[2], developer of ARCH model (1982).GARCH is designed
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to measure and model time-varying volatility (conditional
variance) in financial time series, capturing important
features such as volatility clustering, persistence, and
changing market risk. The widely used GARCH(1,1) model
expresses the conditional variance as h; = w + agf , +
Bh._1, where a represents the impact of recent shocks
(ARCH effect) and S measures the persistence of past
volatility (GARCH effect). The sum (a + ) indicates the
degree of volatility persistence, with values close to one
suggesting that shocks to volatility decay slowly over time.
Due to its ability to capture dynamic risk and forecast future
volatility, the GARCH model has become a standard tool in
finance for analyzing stock returns, exchange rates,
commodity prices, and other financial assets, [3, 2].

The GARCH (1, 1) variance equation is given by:

hi= 0 + 0&%*-1 + phe

Where:

* h¢: Conditional variance at time t

o +@®: Constant (must be positive)

e« a: ARCH effect (short-run shock impact on volatility)

e < [: GARCH effect (persistence of past volatility)

e g Squared residual from the previous period

e« hq: Conditional variance from the previous period

3.4. EGARCH Model

The Exponential GARCH (EGARCH) models the logarithm
of the conditional variance, which automatically ensures that
the variance is positive without imposing non-negativity
constraints on the parameters. The EGARCH (1,1)
specification is:

log(h) = ® + alect/N(he1) | + Y(gr/N(her)) + Plog(her)
Where:

e -« q: Size effect (magnitude of past shocks)

o v: Asymmetry/leverage effect (sign of past shocks)
e« [f: Volatility persistence

If y is negative and significant, it indicates a leverage effect
— negative shocks increase volatility more than positive
shocks. If y is positive and significant, it indicates an inverse
leverage effect — positive shocks increase volatility more. If
v is not significant, the volatility response is symmetric.

3.5. TGARCH Model

The Threshold GARCH (TGARCH), also known as GJR-
GARCH, is another model that captures asymmetric volatility

responses. The TGARCH (1, 1) variance equation is:
Closing Prices of SABIC
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hi= o + 0&*-1 + y&*-1'1 (&1 < 0) + Bhi

Where:

e <] (g1 <0)=1 if the shock is negative, 0 otherwise
e« u: General impact of past shocks on current volatility

e vy Asymmetric (leverage) effect — additional impact of
negative shocks

e +f3: GARCH persistence

3.6. Data

Daily closing price data for SABIC Agri Nutrients Company
were obtained from Investing.com for January 1, 2021 to
December 31, 2025, yielding 1,248 trading observations
(Investing.com)

3.7. Model Accuray Measures

The Akaike Information Criterion (AIC), Bayesian
Information  Criterion (BIC), and log-likelihood are
commonly used measures for comparing competing statistical
models. The log-likelihood quantifies how well a model fits
the observed data, with larger values indicating a better fit.
However, models with more parameters often achieve higher
log-likelihood values simply due to their increased flexibility.
To address this issue, the AIC and BIC incorporate penalty
terms for model complexity. The AIC balances goodness-of-
fit and parsimony by penalizing the number of estimated
parameters, whereas the BIC imposes a stronger penalty,
particularly for larger sample sizes. Consequently, models
with lower AIC and BIC values are generally preferred, as
they provide a better trade-off between model fit and
complexity. In empirical applications, the preferred model is
typically the one that exhibits the highest log-likelihood
together with the lowest AIC and BIC values (Akaike, [22];
Schwarz,[24].

4. RESULTS

4.1 Descriptive Statistics and Checking Stationarity
(Transformation, Correlograms, ADF tests)

Figure 1 to 3 contain- left, and the right panels show the
original stock prices of SABIC and the right panel exhibit the
Log returns of stock prices for SABIC. As most of the
financial time series are non-stationary hence we resort to log
returns of stock prices to make the series stationary which is a
prerequisite to apply linear traditional models. [Log returns:
=n(P)—in (P-1).]

Log returns of stock prices

21 22 23 24 25

Figure 1: Left Panel (Original Stock Prices), Right Panel (Log Returns of Stock Prices) of SABIC
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Figure 1 shows how the original series in the left panel
behaves when the log return transformation is applied and
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shown in the right panel.

.05 0025 0000 0025 0050 0075

Series: RET
Sample 1/03/2021 12/31/2025
Observations 1247

0.000259
0.000000
0.075742
-0.090016
0.016782
0.243348
5564272

Mean
Median
Maximum
Minimum
Std. Dev.
Skewness
Kurtosis

353.9592
0.000000

-0.075 Jarque-Bera

Probability

Figure 2: Left Panel (Descriptives of Original Stock Prices), Right Panel (Descriptives of Log Returns) SABIC

Figure 2 shows how the descriptive statistics of the original
series are in the left panel and the same for the log return
series in the right panel. A high value for the kurtosis in the

right panel points towards the fact that the series has a fat-tail,
and also, there is a probability of more volatility. This will be
checked in the Volatility subsections
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Figure 3: Left Panel (Correlogram of Original Stock Prices), Right Panel (Correlogram of Log Returns) SABIC.

Figure 3 shows how the correlograms for the original series
are in the left panel and for the log return transformation in
the right panel. The right panel clearly shows that most of the
spikes are within the confidence limits, hence, the series are
stationarized with almost no autocorrelation.

The ADF test proposed by Dicky & Fuller [23] was applied:
Ho: unit root (non-stationary) vs. Hi: no unit root (stationary).
The Augmented Dickey-Fuller (ADF) test was employed to
examine the stationarity of the stock price series (PRICE) and
the return series (RET) the results are shown in Table 1. For
the original stock price series, the ADF test statistic was -
2.4381 with a p-value of 0.1315, which is greater than the
conventional significance level of 0.05. Furthermore, the test
statistic is not more negative than the 5% critical value (-
2.8637). Therefore, the null hypothesis of a unit root cannot

be rejected, indicating that the stock price series is non-
stationary and exhibits a stochastic trend. In contrast, for the
return series (RET), the ADF test statistic was -33.2818 with
a p-value less than 0.001, which is substantially smaller than
0.05. The test statistic is also far below all reported critical
values, leading to a strong rejection of the null hypothesis of
a unit root. Consequently, the return series is stationary at
level, 1 (0). These findings suggest that while stock prices
follow a non-stationary process, their logarithmic returns are
stationary, justifying the use of the return series for
subsequent ARIMA, SETAR, and volatility modeling
analyses, as stationarity is a fundamental requirement for
reliable time-series estimation and forecasting
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Table 1: ADF Unit Root Tests for Original and Log Returns of SABIC Stock Prices
Mull Hypothesis: PRICE has a unit roat Mull Hypothesis: RET has a unit root
Exogenous: Constant Exogenous: Constant
Lag Length: 3 (Automatic - based on SIC, maxlag=20) Lag Length: 0 {Automatic - based on SIC, maxlag=20})
-Statistic Prob* t-Statistic Prob.*

Augmented Dickey-Fuller test statistic -2438073 01315 Augmented Dickey-Fuller test statistic -33.28176  0.0000
Testcritical values: 1% level -3.435394 Test critical values: 1% level -3.435385

5% level -2.863635 5% level -2 863651

10% level -2 567946 10% level -2 567944
*MacKinnon (1996) one-sided p-values. *MacKinnan (1996) one-sided p-values.

4.2 ARIMA Model Identification and Parameter Estimation

Using the Autoarima option of EVIEWS, three competing
ARIMA models were compared: ARIMA (1, 1, 1), ARIMA
(2, 1, 2), and ARIMA (3, 1, 3). Selection was based on
coefficient significance, AIC, BIC, and residual diagnostics.
The three competing models and their output is shown in
Table 2. The ARIMA(1,1,1) model was estimated as a
baseline candidate. While the AR and MA coefficients were
significant, the model’s AIC (-5.347836) was slightly higher
than ARIMA(2,1,2), leading to its rejection in favor of
ARIMA(2,1,2), which achieved better information criteria
and superior residual diagnostics. Table 1 compares candidate
models. ARIMA(2,1,2) achieved the lowest AIC (-5.348012).

Although ARIMA(3,1,3) had a slightly higher Adjusted R?
(0.017154), ARIMA(2,1,2) was selected for its significant
coefficients, lowest AIC, and parsimony. Estimated ARIMA
(2, 1, 2) Model: The general ARIMA (2, 1, 2) model is:

Yo=u+diVo 1+ oY p +& + 0,64+ 0,6,
where:

o Y, =return at time t

. W = constant term

. ¢4, $, = autoregressive coefficients
. 6., 6, = moving average coefficients
. & = white-noise error

[RET, = 0.000260 — 1.408459 RET, ; — 0.651496 RET, , + ¢, + 1.473040¢,_, + 0.661887 ¢,_,

Table 2: Competing Models for ARIMA of SABIC Returns

ARIMA(1,1,1)

ARIMA (2,1,2)

ARIMA (3,1,3)

Dependent Variable: RET

Method: ARMA Maximum Likelihood (OPG - BHHH)

Date: 069126 Time: 1112

Sample: 10472021 123112025

Included obsenvations: 1247

Canvergence achisved ater 16 ferafions

Coefiicient covariance computed using outer product of gradients
1. adjustment for standard emors & covariance

Dependent Variable: RET

Method: ARMA Maximum Likelihood (OPG - BHHH)

Date: 06/19/26 Time: 11:15

Sample: 1/04/2021 1213112025

Included observations: 1247

Convergence achieved afier 24 iterations

Coeficient covariance computed using outer product of gradients
df. adjustment for standard errors & covariance

Dependent Variable: RET

Wethod: ARMA Maximum Likelihood (OPG - BHHH)

Date: 0619126 Time: 11:47

Sample: 1/04/2021 1213112025

Included observations: 1247

Convergence achieved after 18 iterations

Coefficient covariance computed using outer product of gradients
df adjustment for standard errors & covariance

; Variable T Variable Coeficient  Std.Emor  tSfatistic  Prob.
Variadle Coeficient  Std.Emor  -Stafisic  Prod. C 000250 000525 0493174 06220
¢ 0.000260 0000489 0531900  0.5949 AR(T) 0621776 0124057 4975015  0.0000
c 0000260  0.000501 0519229 0.6037 AR(1) -1408459 0186424 7585124 0.0000 AR(2) 0.068647 0149909 0457923  (.6471
AR(Y) 0713847 008233 8670137 00000 AR(2) 0651496 0130776 -4.981789 00000 AR(3) 0499396 0123195 4053716 0.0001
MA() 0803886 0070968 1132743  0.0000 A1) 1473048 0190042 7751152 0.0000 MA(1) -0550063 0116325 -4728573  0.0000
SIGNASQ 0000277 7H4E-06  36.24691  0.0000 1A2) 0567887 0749697 4421512 0.0000 MA2) 0187682 0133517 1408677 01601
SIGNASQ 0000276  7H3E-06 3817506 0.0000 Sg-;\‘fgu Egﬁﬁg;g Ungﬁg g;ggjig g gggg
R-squared 0.016295 Mean dependentvar 0.000259 2 p 0019633 Nean dependert 0000258 - _ . _
AdustedRsquared 0013921 8D dependentvar 0016782 Adsq”a” : nean dependentvar U Resquared 0023675 Wean dependentvar  0.000250
X . Adjusted R-squared 0.015683 8.0 dependentvar 0.016782 N
SE.ofregression 0.016664  Akaike info criterion 5347836 ; ) Adjusted R-squared 0.017154 S.D. dependent var 0.016782
. SE. of regression 0.0166850  Akaike info criterion -5.348012 ) i
Sum squared resid 0345187 Schwarz criterion 5331385 Sum squared resid (344075 Schwam iterion 533 SE. of regression 0.016637  Akaike info criterion -5.347893
ikeali _Qinn i N _q_ i . - Sum squared resid 0.342948  Schwarz criterion -5.314992
Log likelihood 3338376 Hannan-Quinn criter. 5341651 Log liceinood 3340.485  Hannan-Quinn citer 599074 -
Fostafistic £863908  Durhin-Watson stat 2 033061 - ) - Log likelihood 3342411 Hannan-Quinn criter. -5.335523
. ! F-stafistic 4970580 Durbin-Watson stat 1977517 F-statistic 4106670 Durhin-Watsan stat 2 004867
Prob(F-statistic) 0.000138 Prob(F-statistic) 0.000164 Prob(F-staistic) 0.000180
Inverted AR Roots -71 Inverted ARRoots ~ -70+331  -70-3%i Inverted AR Roots B4+.60i 64-60i -5
Inverted WA Roots -80 Inverted MARoots ~ -74-35i - T4+.350 Inverted MA Roots B6-62i B6+62i -77

The ARIMA (2, 1, 2) model estimated for the return series
reveals significant autoregressive and moving-average
dynamics. The AR (1) (¢, = —1.4085) and AR (2) (¢, =
—0.6515) coefficients are negative and statistically
significant, indicating strong mean-reverting behavior in
returns. Similarly, the MA (1) (6; = 1.4730) and MA (2)
(6, = 0.6619) coefficients are positive and highly

significant, suggesting that past forecast errors exert a
substantial influence on current returns.

The model is statistically significant overall (F = 4.97, p <
0.001), while the Durbin-Watson statistic of 1.98 indicates
the absence of residual autocorrelation. Although the R?
value is relatively low (1.96%), such results are typical for
financial return series due to their inherently volatile nature.
Furthermore, the stationarity and invertibility conditions are
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satisfied, confirming that the ARIMA (2, 1, 2) specification
provides a stable representation of the return-generating
process.4.3 Residual Diagnostics for ARIMA (2, 1, 2)

ISSN 1013-5316;CODEN: SINTE 8
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All ACF and PACF spikes in Figure 4 lie within the 5%
bands, confirming no remaining autocorrelation and adequate
model fit.

Sample (adjusted): 1/04/2021 12/31/2025
Included ocbservations: 1247 after adjustments
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Figure 4: Correlogram of Residual Series ARIMA(2,1,2)

The ADF test results on the residual series shown in Table 3
confirms stationarity as (p < 0.05), indicating that the

ARIMA (2, 1, 2) model has successfully removed the unit
root and the residuals are stationary

Table3 : ADF Test of Residual Series for ARIMA (2, 1, 2)
MNull Hypothesis: RESID02 has a unit root

Exogenous: Constant

Lag Length: O (Automatic - based on SIC, maxlag=22)

t-Statistic Prob.”

Augmented Dickey-Fuller test statistic -34.88122 0.0000
Test critical values: 1% level -3.435385
5% level -2.863651
10% level -2.567944

4.4 Volatility Visualization
Figure 5 shows the price and residual series, highlighting
remaining volatility patterns. The return series plot (Figure 5)

21 22 23

Price

indeed shows periods of alternating high and low volatility,
providing visual motivation for proceeding with GARCH
modeling.

.08

.04

.00

(=}

-.04

-.08

-12

24 25

RET

Figure 5: Line Plots for Original Series and the Retrun Series

4

.5 Testing for ARCH Effects

The ARCH-LM test was applied to ARIMA (2, 1, 2)
residuals with Ho: No ARCH effect (no conditional
heteroskedasticity)

The ARCH-LM test yielded ObsxRz = 0.272245 (p =
0.6022). Since p > 0.05, we fail to reject Ho at lag 1,
suggesting no significant ARCH effect at this specific lag. It
should be noted, however, that a single-lag test has limited
power to detect higher-order or more complex

heteroskedastic patterns. Moreover, financial return series
often exhibit volatility clustering visually even when low-
order ARCH-LM tests are insignificant, as clustered volatility
may operate across multiple lags that a lag-1 test cannot
capture. It is therefore standard practice in empirical finance
to estimate GARCH-type models as part of a comprehensive
volatility analysis, even when the ARCH-LM test at lag 1 is
not significant [5].
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Tabled : EVIEWS output- Heteroskedasticity Test: ARCH LM

Heteroskedasticity Test: ARCH

F-statistic 0.271866
Obs"R-squared 0.272245

Prob. F(1,1242) 0.6022
Prob. Chi-Square(1) 0.6018

Test Equation:

Dependent Variable: WGT_RESID"2

Method: Least Squares
Date: 05/26/26 Time: 16:42

Sample (adjusted): 1/07/2021 12/31/2025
Included observations: 1244 after adjustments

Variable Coefficient Std. Error t-Statistic Prob.
C 1.015599 0.067528 15.03968 0.0000
WGT_RESID*2(-1) -0.014793 0.028372 -0.521408 0.6022
R-squared 0.000219 Mean dependent var 1.000796
Adjusted R-squared -0.000586 S.D. dependent var 2.160365
S.E. of regression 2.160998 Akaike info criterion 4.380623
Sum squared resid 5800.022 Schwarz criterion 4.388865
Log likelihood -2722.748 Hannan-Quinn criter. 4.383722
F-statistic 0.271866 Durbin-Watson stat 1.998881
Prob(F-statistic) 0.602175

4.6 Model Volatility and Checking Symmetry and
Asymmetry in the Shocks

Table 5 presents the results of GARCH and its variants. The
GARCH (1, 1) model generalizes ARCH by including the
lagged conditional variance, capturing volatility persistence
with fewer parameters. The GARCH (1, 1) model was
estimated on the ARIMA (2, 1, 2) residuals. Based on the
EViews output (Figure 19), the estimated variance equation
parameters o = 0.122634 and B = 0.820284 are both highly
significant (p = 0.0000), with a persistence coefficient o+ f =
0.942918, confirming strong and slowly-decaying volatility
clustering.

ARIMA (2, 1, 2)-GARCH (1, 1) Model

Mean Equation: The estimated mean equation is:

RET, = —0.000205 — 1.41254RET,_,
—0.64155RET,_, + & + 1.45216¢,_; + 0.62035¢,_,
where

& = Zgy/ hye, z; ~ N(0,1)

The constant term is insignificant (p = 0.6223), suggesting
that average daily returns are not significantly different from
zero. The AR (1) and AR (2) coefficients are negative and
highly significant (p < 0.001), indicating mean-reverting
behavior in returns. Similarly, MA (1) and MA (2) are
positive and statistically significant, implying that past
forecast errors continue to influence current returns.

Table 5: Result Output of GARCH and its Variants

GARCH (1,1) EGARCH(1,1) TGARCH(1,1)
Dependent Variable: RET Dependent Variable: RET ) ﬁe;&rLGT‘nE\:aRrg:IeNRET | sstouton i e ‘
Jethod: ML ARCH - Normal distribution (Marquardt/ Eviews legacy) Method rvlLi\RCH_-Norma\d\strmutlon(Marquardt/EV\ews legacy) We 0 W - nm'!a istribution (Marquar iews legacy)
- Date: 06HO/26 Time: 11:30 Date: 06/119/26 Time: 11:33
Date: 06/18125 Time: 11.27 sample (adjusted): /0612021 12131/2025
Sample (adjusted): 1/06/2021 12/31/2025 ample (adjusted):
Sample (adjusted) 1108/2021 12131/2025 ncluded absenvalions. 1245 aer adusiment Included abservations: 1245 ater adjustments
Included absenvations: 1245 after adjustments ncluoed ooservalans. 1223 aller ausiments

Convergence achieved after 51 iterations
WA Backeast: 1/04/2024 4/05/2021 WA Backcast 1/04/2021 1/05/2021

Convergence achisved after 22 fterations

Canvergence achieved afier 54 iterations
WA Backcast: 1/04/2021 105/2021
Presample variance: backcast (parameter = 0.7)

. - Presample variance: backcast (parameter = 0.7) - " " +
Presample variance: backcast (parameter = 0.7) - GARCH = C{B) + C(7)*RESID(-1}*2 + C(8)*RESID{-1}*2*(RESID(-1)=0) +
GARCH = C(6)~ C{TRESIDIAN2 + C{8) GARCH) LOGEESE%HA)R-CCH([a ;)c(masmEsm(-w J@SART(GARCH-1)) + C(8) COFGARCHLA]
Varianle Coeficient ~ Std Eror  z-Stafisic  Prob — Cooficen SO Em  zo@sic  Frap Variable Coefficient  Std.Eror  z8tafistic  Prod
C -0.000148  0.000430 -0.343667  0.73M
ARC(W) -Egsggig g 32339; -g ég;ggj g gggg c -0.000298  932E-05  -3191386  0.0014 AR(1) -1.409198 0177508  -7.938757  0.0000
.’%R ) _0'541547 0128472 _4 0938659 0.0000 AR() 0225612 0079581 2834895 0.0046 AR(2) -0.638950 0130848 -4.883213  0.0000
AR(2) Ul - AR(2) 0752930 0078336 0550707  0.0000 WA[1) 1448233 0184303 7857885 0.0000
NA) 142161 D181832 7986289 00000 WA(T) 157880 00BMB0 2418205 00144 HAR) OSI6TTT 0152380 4047637  0.0001
MA2) 0620348 0.149870 4139254 0.0000 WA) 0240834 00G4360 1206623  0.0000
Variance Equation
Variance Equation
Varancs Equaton c 172E05  34IE06 5041557 00000
c 167E05  329E-0F 5087864  0.0000 RESID(-1/'2 0132129 0023518 5618279  0.0000
Cl& -0730869 0123633 5911600  0.0000 .
RESID(- 192 0122634 0020817 5948233  0.0000 CH (020 003301 7120838 00000 RESID(-1)'2(RESID(-1)<0) -0.018532 0023822 -0777944 04366
GARCH(-1) 0820284 0025739 3186957  0.0000 o 0034002 0012060 7201503 0.0000 GARCH) DBT74SH 0026284 3112461  0.0000
R d 0016995 Mean dependentvar 0.000251
Resquared 0016881 Wean dependentvar  0.000251 Resquared 0024509 Mean dependentvar 0000251 Adusted R-squared 0013824 SD. dependentvar 0016794
Adjusted R-squared 0013710 5. dependent var 0.016794 Adjusted R-squared 0021362 S.D. dependentyar 0016794 SE. of regression 0.016677 Akaike info criterion -5.453079
SE. ofregression 0.016678  Akaike info criterion 5454382 SE. ofregression 0.016613  Akaike info criterion -5.462205 Sum squared resid 0344878 Schwarz criterion 5416018
Sum squared resid 0.344918  Schwarz criterion 5421439 Sum squared resid 0.342242  Schwarz criterion 5420451 Log likelihood 3403542 Hannan-Quinncriter, 5439144
Log likelihood 3403.353  Hannan-Quinn criter. -5.441995 Log likelihood 3408341  Hannan-Quinn criter -5 450007 Durbin-Watson stat 1927213
Durtin-Watson stat 1928015 Durbin-Watson stat 2006813
Inverted AR Roots -70-38i -70+.38
Inverted AR Roots -71-38i ~T1+.38i Inverted AR Roots 99 76 Inverted MA Roots -72-30i - T2+.30i
Inverted MA Roots -1 -73+31 Inuartad M4 Brnte 1nn o4
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Variance Equation
The estimated GARCH (1, 1) variance equation is
h, = 0.000167 + 0.122634 2, + 0.820284 h,_,
Where,
h¢ = Conditional Variance
ARCH Effect
a; = 0.122634
(p <0.001)
The ARCH coefficient is significant, indicating that current
volatility reacts to recent market shocks.
GARCH Effect
B, = 0.820284 (p < 0.001)
The GARCH coefficient is highly significant, showing that
volatility is persistent and depends strongly on past volatility.
Volatility Persistence
a; + 1 =0.122634 + 0.820284 = 0.942918
Since
0942918 < 1
The conditional variance process is stationary.
However, because the value is close to one, shocks to
volatility decay slowly over time.
This finding is typical of stock-return series and indicates
long-memory volatility behavior.
ARIMA (2, 1, 2)-EGARCH (1, 1) Model
The estimated mean equation is
RET; = —0.000298 + 0.225612RET;_,
+ 0.752939RET,_,
+¢& — 0.157804¢,_, — 0.840884¢,_,
All parameters are statistically significant at the 1% level.
EGARCH Variance Equation
The estimated EGARCH model is

Er_
In(h,) — 0.730869 + 0.244250 (\'/;_1')
t—-1
+0.934002In(h,_,)
The general EGARCH (1, 1) specification is

In(h) = w +a ( [Eeal _ E|zt|> + y( foo ) + BIn(he_y)
vV ht—l vV ht—l

where y measures asymmetry (leverage effect).

Interpretation

The persistence coefficient

B = 0.934002

is highly significant, indicating strong volatility persistence.

The positive magnitude coefficient

a = 0.244250

suggests that large shocks, whether positive or negative,

increase volatility.

Because EGARCH models variance in logarithmic form, the

conditional variance is always positive without imposing

non-negativity constraints.

ARIMA (2, 1, 2)-TGARCH (1, 1) Model

From Figure 22, the asymmetry coefficient (y, represented by

C (8)) is -0.018532 and is statistically insignificant (p =

0.4366). Since p > 0.05, the TGARCH framework does not

confirm a significant leverage effect for this stock, but NIC

has to be observed along with these mathematical results to

unveil the true picture. The ARCH (a = 0.132129) and

GARCH (B = 0.817456) terms remain significant, confirming

volatility persistence.
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4.7 Model Comparison:

Table 3 presents the model comparison results.
EGARCH(1,1) achieves the lowest AIC (-5.462182) and
highest log-likelihood (3409.208), outperforming both
GARCH(1,1) and TGARCH(1,1). TGARCH(1,1) performs
marginally better than symmetric GARCH(1,1) in log-
likelihood (3403.518 vs. 3403.353), but its asymmetry
parameter is insignificant (p = 0.4366). The EGARCH(1,1)
asymmetry parameter is marginally significant (p = 0.0945),
providing weak evidence of asymmetric volatility.
EGARCH(1,1) is selected as the best-fitting model based on
information criteria. Therefore, the EGARCH model provides
a better fit to the return data.

Table 6: Comparison of GARCH and its Variants

Statistic GARCH(L,]) EGARCH(L,1) TGARCH(L1)
Log-Likelihood  3403.353 3408.341 3403.542
AIC -5.454382 -5.462395 -5.453079
BIC -5.421439 -5.429451 -5.41608

4.8Why apply EGARCH and TGARCH after GARCH?
Although the standard GARCH model successfully captures
volatility clustering, it assumes that positive and negative
shocks affect volatility equally.

Mathematically,

h=w+ ag? | + Bhe,

depends on =2 ;, which removes the sign of the shock.
Thus,

(+5%)% = (—5%)?

and both shocks have the same impact on volatility.
However, financial markets often exhibit a leverage effect,
where bad news produces greater volatility than good news of
the same magnitude.

David Runkle (1993) extends the GARCH model by
explicitly incorporating a dummy variable for negative
shocks: TGARCH (1, 1) model:

he=w+agl +yl_qef 1+ Bhey

where

L= {1, &1 <0
1710, &-,=0
If

y>0

negative shocks increase volatility more than positive shocks.
Thus, TGARCH is applied to test whether bad news has a
disproportionately larger effect on volatility than good news.
The ARIMA (2, 1,2)-GARCH(1,1) results reveal significant
volatility clustering and persistence in SABIC returns, with
the sum of the ARCH and GARCH coefficients (a + 8 =
0.9429) indicating that volatility shocks dissipate slowly over
time. However, the standard GARCH model assumes a
symmetric response of volatility to positive and negative
shocks. To account for potential leverage effects and
asymmetric volatility transmission, the EGARCH model was
estimated. The EGARCH specification produced a higher
log-likelihood and lower information criteria than the
GARCH model, suggesting superior model performance.
Consequently, the use of EGARCH and TGARCH models is
justified because financial return series frequently exhibit
asymmetric volatility, whereby negative market news
generates a stronger volatility response than positive news of
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equal magnitude. These asymmetric models provide a more
realistic representation of risk dynamics and improve
forecasting accuracy in financial markets.

4.10 News Impact Interpretation and Volatility Visualization
Figure 6 shows the News Impact Curve (NIC) for the
GARCH and its variants. The NIC plots the impact of past

ISSN 1013-5316;CODEN: SINTE 8
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shocks (g-1) on the current conditional variance (h). A
symmetric NIC would indicate that positive and negative
shocks of the same magnitude produce identical volatility
responses.

News Impact Curve GARCH(1,1)
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Figure 6: News Impact Curves for GARCH and its Variants

In the case of TGARCH (1, 1), the NIC is slightly
asymmetric: positive shocks generate marginally larger
volatility responses than negative shocks of equal size,
consistent with the marginally significant positive asymmetry
parameter .This represents an inverse leverage effect, which
may reflect the commodity-driven nature of SABIC
AgriNutrients stock, where positive price news (e.g., rising
fertilizer prices) can trigger heightened speculative activity.
However, given that the asymmetry is only marginally
significant at the 10% level, these findings should be
interpreted with caution.

5. Discussion, Conclusion, and Implications

The empirical findings indicate that the logarithmic return
series of SABIC Agri-Nutrients is stationary, whereas the
original stock price series exhibits a unit root and follows a
non-stationary process. This result is consistent with the
Efficient Market Hypothesis and the broader financial
econometrics literature, which suggests that stock prices
generally behave as random walks while returns are
stationary and suitable for time-series modeling. The ARIMA
(2,1,2) model successfully captured the linear dependence
structure in the return series, with residual diagnostics
confirming the absence of significant autocorrelation. The

relatively low coefficient of determination is not unexpected,
as financial returns are influenced by numerous unpredictable
market factors and are inherently noisy.

The volatility analysis revealed strong evidence of volatility
persistence. The GARCH (1,1) model produced significant
ARCH and GARCH parameters, with a persistence
coefficient of 0.9429, indicating that volatility shocks
dissipate slowly over time. Such findings are consistent with
previous studies on financial and commodity-related stocks,
where periods of high volatility tend to be followed by further
periods of heightened volatility. This behavior reflects the
presence of volatility clustering, a well-documented stylized
fact in financial markets. Although the standard GARCH
model adequately captured conditional heteroskedasticity, the
comparison of alternative specifications demonstrated that the
EGARCH (1,1) model provided the best overall fit according
to the log-likelihood, AIC, and BIC criteria. The EGARCH
model also allowed examination of asymmetry in volatility
responses. The News Impact Curve suggested a mild inverse
leverage effect, whereby positive shocks generated slightly
larger volatility responses than negative shocks of the same
magnitude. This behavior may be attributed to the
commodity-driven nature of SABIC Agri-Nutrients, where
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favorable developments in fertilizer demand, petrochemical
feedstock markets, or global commodity prices can trigger
increased speculative trading activity. However, the
asymmetry parameter was only marginally significant,
suggesting that the evidence for asymmetric volatility should
be interpreted cautiously.

The TGARCH model similarly indicated the absence of a
statistically significant leverage effect. Consequently, the
results suggest that volatility persistence is a more dominant
characteristic of SABIC returns than volatility asymmetry.
Nevertheless, the superior performance of the EGARCH
specification demonstrates that allowing for nonlinear
volatility dynamics improves model fit and forecasting
performance. Overall, the findings highlight the importance
of incorporating conditional variance models when analyzing
Saudi equity returns and support the use of asymmetric
GARCH models for enhanced risk assessment and volatility
forecasting.

This study investigated the return and volatility dynamics of
SABIC Agri-Nutrients Company using daily stock price data
from January 2021 to December 2025. The Box-Jenkins
methodology identified ARIMA (2,1,2) as the most suitable
model for capturing the conditional mean process of returns.
Stationarity tests confirmed that the return series was
stationary and appropriate for time-series modeling. Residual
diagnostics further verified the adequacy of the selected
ARIMA specification.

To model volatility behavior, GARCH (1,1), EGARCH (1,1),
and TGARCH (1,1) models were estimated. The results
revealed significant volatility clustering and persistence, with
volatility shocks exhibiting slow decay over time. Among the
competing volatility models, EGARCH (1,1) achieved the
best performance based on information criteria and log-
likelihood values, indicating that it provides a more flexible
representation of the volatility process. Although evidence of
asymmetric volatility was relatively weak, the EGARCH
specification captured nonlinear volatility dynamics more
effectively than the symmetric GARCH model.

The findings provide valuable insights for investors, portfolio
managers, risk analysts, and policymakers by demonstrating
the importance of volatility modeling in understanding stock
return behavior. Accurate volatility forecasts can contribute
to improved portfolio allocation, risk management, derivative
pricing, and investment decision-making within the Saudi
capital market. The study also contributes to the growing
literature on financial econometrics in emerging markets and
supports the application of advanced volatility models to
Saudi equity data.

Several avenues for future research emerge from this study.
First, nonlinear mean models such as SETAR, STAR, and
Markov-Switching Autoregressive (MSAR) models may be
explored to capture potential regime-dependent behavior in
stock returns. Second, more advanced volatility
specifications, including APARCH, FIGARCH, FIEGARCH,
and Component GARCH, could be employed to investigate
long-memory and asymmetric volatility structures. Third,
machine learning and deep learning approaches such as
LSTM, GRU, and hybrid ARIMA-LSTM frameworks may

Sci.Int.(Lahore),38(3),285-295,2026

be compared with traditional econometric models to evaluate
forecasting performance.

Future studies may also incorporate macroeconomic variables
such as oil prices, natural gas prices, inflation, interest rates,
exchange rates, and fertilizer commodity indices to examine
their influence on stock return volatility. Additionally,
extending the analysis to other firms within the Saudi
petrochemical and agricultural sectors or to the broader
Tadawul All Share Index would provide a more
comprehensive understanding of volatility transmission
within the Saudi financial market. Finally, higher-frequency
intraday data could be utilized to investigate short-term
volatility dynamics and improve risk forecasting accuracy.
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