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ABSTRACT

This study forecasts the dynamics of gasoline price returns using daily data from January 2, 1992, to June 6, 2022, and crude oil price returns as a
regressor. The non-linear dependence in the volatility of the gasoline return is confirmed and the Markov Switching (MS), the autoregressive conditional
heteroskedasticity (ARCH) and the generalized autoregressive conditional heteroskedasticity (GARCH) models are estimated. To account for the
linear dependence found in the initial estimates, a GARCH (1,1) model with lagged gasoline returns is used, while a GARCH (1,1) is fitted on the
Markov switching residual to capture both the volatility in the conditional mean and variance. The forecasting performance of the estimated models
is evaluated, and the GARCH (1,1) on the Markov Switching residual is found to be the best model to forecast the average gasoline returns, while the
GARCH (1,1) with linear dependence is preferable for forecasting the volatility of gasoline returns. Identifying the best time series model is crucial

for the market participants, and especially for oil companies to evaluate the market situation.
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1. INTRODUCTION

Linear time series models, such as autoregressive models (AR),
moving average models (MA), autoregressive integrated moving
average models (ARIMA) and vector autoregressive models
(VAR), are widely used to capture the volatility dynamics of
economic variables. However, these models do not fit well to data
exhibiting non-linear, complex dynamic patterns, such as energy
prices. One of the most popular non-linear time series models
used to investigate the volatility of energy prices is the Markov
switching model, proposed by Hamilton (1989). This model
involves multiple equations that describe the time series behaviour
in different regimes, while also allowing switching between these
equations. In addition, the Markov switching (MS) model admits
frequent changes at different time points, rather than exogenous
or occasional changes. However, the Markov Switching model
captures only the volatility in the conditional mean and not the

volatility in the conditional variance. For this reason, several
studies for energy commodities (e.g. gasoline, crude oil, natural
gas, heating oil and gasoil) use the autoregressive conditional
heteroskedasticity (ARCH) and the generalized autoregressive
conditional heteroskedasticity (GARCH) models, introduced by
Engle (1982) and Bollerslev (1986) respectively, to capture the
volatility in conditional variance; see, for instance, the studies by
Sadorsky (2006), Cheong (2009), Nomikos and Pouliasis (2011),
Wang and Wu (2012), Lv and Shan (2013), Chkili et al. (2014),
Lin et al. (2020), Ambya et al. (2020), Hendrawaty et al. (2021),
He (2023), Osho and Oloyede (2024), Chung (2024), Roshanpour
et al. (2025).

However, it should be noted that the complexity of the model
specification does not guarantee high out-of-sample forecasting
performance. For instance, the study by Sadorsky (2006) forecasts
daily volatility in petroleum futures price returns, using univariate
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and multivariate models, and daily data for crude oil, heating oil,
and unleaded gasoline from February 5, 1988, to January 31,
2003, and for natural gas from April 3, 1990, to January 31, 2003.
The study finds that the single-equation GARCH model performs
better than the state space, vector autoregressive, and bivariate
GARCH models, especially in the case of unleaded gasoline and
crude oil, for which the GARCH (1,1) model fits better. Similarly,
Cheong (2009) investigates the time-varying volatility of the
West Texas Intermediate (WTI) and Europe Brent crude oil price,
using daily data from January 4, 1993, to December 31, 2008,
and ARCH/GARCH-class models. The study finds that although
the fractionally integrated asymmetric power ARCH model has
better in-sample performance for both WTTI and Brent, the simplest
parsimonious GARCH model appears to have better forecasting
performance for Brent crude oil. These results show that models
with high complexity do not always outperform single equation
GARCH models in forecasting performance.

This has led recent studies, such as Ambya et al. (2020), Hendrawaty
et al. (2021) and Osho and Oloyede (2024), to use low-complexity
GARCH models. Specifically, Ambya et al. (2020) use daily data
from 2009 to 2019 and AR(1)-GARCH (1,1) models to forecast
future natural gas prices. Hendrawaty et al. (2021) forecast crude
oil prices using daily data from December 2019 to May 2020 with
an AR(1)-GARCH (1,1) model. Moreover, Osho and Oloyede
(2024) assess the effectiveness of the GARCH (1,1) and GARCH
(1,2) models in forecasting crude oil price volatility, finding that the
GARCH (1,1) model is preferred due to its forecasting accuracy and
low complexity, confirming the results of earlier studies.

As the out-of-sample performance is crucial for energy market
participants, this paper is intended to answer the research question:
What is the best model for forecasting the dynamics of gasoline
price returns?

To answer the research question, this study uses Markov switching,
ARCH and GARCH models. However, as the volatility in the
conditional mean and variance is not captured by separately
applying the MS, ARCH or GARCH models, this study also fits
a GARCH on the Markov switching residual to combine both
conditional mean and variance. Moreover, except from the fact
that regimes and non-linear dependence are present in the energy
price returns, crude oil price volatility also plays an important role
in forecasting refined product price volatility (Wang and Wu, 2012;
Nomikos and Pouliasis, 2011). For this reason, this paper includes
the crude oil returns as a regressor in the MS and ARCH/GARCH
estimates to model the gasoline returns. In addition, to account for
the linear dependence found in the initial estimates, a GARCH (1,1)
model with lagged gasoline returns is used. Also, daily data are used
in the analysis, focusing on the short-term dynamics, as they are
important for oil companies to evaluate the market situation (Wang
and Wu, 2012). Finally, to evaluate the forecasting performance of
the estimated models, the root mean squared error (RMSE), mean
absolute error (MAE), symmetric mean absolute percentage error
(SMAPE) and Theil Ul criteria are used.

This study compares the forecasting performance of the selected
models and the GARCH (1,1) on the Markov switching residual

is found to be the best model to forecast the average gasoline
returns (volatility of the conditional mean), while the GARCH
(1,1) with linear dependence is preferable for forecasting the
volatility of gasoline returns (volatility in the conditional variance).
Section 2 presents the data and methods, Section 3 presents the
empirical analysis, while Sections 4 and 5 present the forecasting
performance evaluation and conclusion respectively.

2. DATAAND METHODS

2.1. Data

The data consists of daily (five days a week) spot price data of
conventional gasoline (New York Harbor, US$ per gallon) and
crude oil (West Texas Intermediate-Cushing Oklahoma, US$ per
barrel) obtained from the Energy Information Administration
(EIA). The data covers the time period from January 2, 1992,
to June 6, 2022. To forecast the volatility of gasoline price, the
gasoline and crude oil simple returns are calculated:

GAS = (P WP o @)

GAS't - PGAS t-1

/P

Wt~ PWTII-I) WTI -1

WTI = (P

Where GAS, and WTI are the gasoline and crude oil returns,

P.,,andP, . are the prices of the assets at period t, while P

and P, are the prices of the assets in t-1.

GAS -1

Figures 1 and 2 present the plots of the gasoline and crude oil
daily prices and returns. As it can be seen from Figure 1, on July
2,2008, the crude oil price peaked at 143.71 US$/barrel, followed
by a sharp decrease to 30.28 US$/barrel on December 23, 2008.
The crude oil price gradually increased to 106.07 US$/barrel on
June 30, 2014, and dropped significantly on February 11, 2016,
and on April 20, 2020, after increasing again to the May 2008
level. Similarly, the crude oil return is influenced by the same
shocks (Figure 2). The gasoline price and gasoline return series
presented in Figures 1 and 2 respectively, follow the crude oil series
fluctuations, showing that the variables are related to each other.
Therefore, as gasoline is a refined product, its return depends on
crude oil return. The gasoline and crude oil volatility is presented
in the Appendix, Figure Al.

Also, descriptive statistics for the gasoline return (GAS) and crude
oil return (WTI) are presented in Table 1. The mean values are
close to zero and the standard deviation is low. The Jarque-Bera
statistics (Jarque and Bera, 1980) shows that the series do not
follow a normal distribution (P < 0.05), while there is non-zero
skewness and positive excess kurtosis. Also, the Q statistics
for serial correlation show that the null hypothesis of no serial
correlation up to 10" and 20" order is rejected at 1% significance
level for both gasoline and crude oil returns and squared returns.

Appendix Figure B1-B4 for Q(ith) and Q*(ith), and correlograms.

2.2. Methods

2.2.1. Unit root test

The study starts by assessing the order of integration of the
gasoline and crude oil returns series, GAS, and WTI, respectively.
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Figure 1: Plots of gasoline and crude oil prices
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Figure 2: Plots of gasoline and crude oil returns
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Table 1: Descriptive statistics for gasoline return (GAS,)
and crude oil return (WTI)

Mean (%) 0.06 0.01
Maximum 0.26 0.53
Minimum —-0.26 -3.02
Standard deviation (%) 2.62 4.48
Skewness 0.11 —40.79
Kurtosis 13.36 2671.54
Jarque-Bera (Prob) 0.000%** 0.000%**
Q(10) 23.00%** 486.49%***
Q (20) 45.65%** 613.65%**
Q*(10) 2408.00%*** 236.86%**
Q?(20) 3160.8*** 241.92%%%*

The variable GAS, represents gasoline return, and WTI, represents the crude oil return
Q (ith) and Q?(ith) are the Ljung and Box (1978) statistics of GAS: and WTI, series, and
squared GAS; and squared WTI, series, respectively, for up to ith order serial correlation

*** denotes rejection of the null hypothesis of no serial correlation up to 10" and 20"
order

In particular, the Augmented Dickey and Fuller (1979) (ADF),
the Phillips and Perron (1988) (PP) and the Kwiatkowski
et al. (1992) (KPSS) tests are applied. The ADF test involves the
following equations:

A, =a+ 7Y +7at + ) BiAY i+ & )
P .
AY, =a + 1Y, +Zi=l BiAY, , + €, 3)
p .
AY = 1Y + Zi=1ﬂZAYt—i & “4)

Where o and v, represent the deterministic elements.

Equation (2) is a random walk with constant and trend, equation
(3) is arandom walk with constant, while equation (4) is a random

walk (Gujarati, 2003). The error terms (€,) are independent with
each other and identically distributed {€¢ ~ (0, 6°) fort=1,2,....}.
The null hypothesis, H: The series is non-stationary (y, = 0) is
tested against the alternative, H.: the series is stationary (y, < 0).

In addition, the PP unit test involves the following equations:
®)
(6)

Y=atyy,*e,
Y=atyy, 7, t-T172) + €

Where o and v, are the deterministic elements, T is the number
of observations, while the error terms (g ) are allowed to be
heteroscedastic and correlated with each other (Enders, 1995).
The null hypothesis, H: the series is non-stationary (y, = 0) is
tested against the alternative, H : The series is stationary (y, <0).

It should be noted that the Kwiatkowski, Phillips, Schmidt and
Shin test (KPSS) is applied, as according to Verbeek (2012:294)
“Not all series for which we cannot reject the unit root hypothesis
are necessarily integrated of order one.”

The KPSS statistic is defined as: KPSS = ZIS(t)z/(Tsz) (7

Where f| is an estimator of the residual spectrum at frequency zero
. . . . t A
and S(t) is a cumulative residual function: S(t) = E s based
P

on the residuals {1, from the equation Y, =8 x’ + u,.

The above tests are applied by following the Dolado et al.
(1990) process regarding the inclusion of the constant and
trend. Also, graphical inspection of the plots and correlograms
of the GAS and WTI series is conducted to confirm the unit
root test results.
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2.2.2. Markov switching model

To identify the model that best fits the data, the non-linear dependence
in the volatility of the gasoline returns will be examined, initially by
using the squared gasoline returns. Afterwards, a regression model will
be estimated for the GAS,, assuming that the constant is the conditional
mean, and the ARCH test and the residual plots will be used. If the
non-linearity is completely endogenous, driven by the data itself and
identified from the estimation process, the Markov Switching model'
will be estimated. It will also be assumed that the gasoline return, GAS,
depends on the crude oil return, W77, following Wang and Wu (2012),
and on the lagged gasoline return?, accounting for linear dependence.
Also, two regimes are included, as energy markets exhibit regime-
switching dynamics (Figures 1 and 2). Therefore, the behaviour of the
GAS, series can be described by the following process:

GASt,t: Mt,i,st Ty

WTIi,t + 8[,1',‘?[ GAS it-1 + U U t ~ lld(o’czw) (8)

ti,st
Where GAS, and WTI, represent the gasoline and crude oil returns,
respectlvely, while ut o V.., and d,, are the state-dependent
regression coefficients. In addition, the model is estimated with
two regimes (states) and state dependent volatility for u, . Also,
the probability of transition from state 1 or 2 at time t +1 depends
upon being in state 1 or 2 at the time t:

Pl P21
= )
P12 P22
Where:
P(st=1 | st, =1)=P11
P(st=2|st, =1)=1-P11
P(st=2 | st, =2)=P22
P(st=1 | st, =2)=1-P22

2.2.3. ARCH and GARCH models

ARCH(p) models are estimated for gasoline returns, assuming
again that GAS, depends on the WTI,. Therefore, the ARCH(p)
with intercept, W ,, is defined as follows:

GAS =, +yWTI +¢, (10)

=, +v,WTL+ o2z

t 7Y

z,~N(0,1)
Where the conditional variance equation is defined as:

o =wtoe +oe’ o toEl
However, ARCH (p) models cannot capture the dynamics of
volatility, and for this reason, the standard GARCH(1,1) is also

estimated. The GARCH (1,1) model is described as follows:
GAS, =w, +v,WTI, + ¢, an

=w, +v,WTL +o’z, ¢ = Vo’z

t 7Y 0

2 ~N(0,1)

1 A Threshold Autoregressive (TAR) model would also be appropriate,
however, the Markov Switching model can be estimated without choosing
a regime variable.

2 It should be noted that this specification provides better regression fit and
residual diagnostics compared to the model without the lagged dependent
variable.

142
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2 — 2 2
Where 6* = + o e’ +B, 67
Where p,, denotes the conditional mean and 67, is the conditional
variance, with ©>0, ol >0 and $1 >0 to ensure 6% >0.

The ARCH (p) and GARCH (1,1) are estimated, and the Schwarz
Information Criterion (SIC) is used to select the best model. In
addition, diagnostic tests are also performed to check for linear
or non-linear dependence remaining in the selected GARCH (1,1)
model. In particular, the Jarque and Bera (1980) test is conducted to
check for non-normal dynamics in the residuals, the Q-correlogram
is used to detect linear dependence, while the correlogram of the
squared residuals and the ARCH test are used to check for non-
linear dependence. In case of remaining linear-dependence in the
GARCH (1,1), a one-period lag of the gasoline returns, GAS_, i
included as an explanatory variable in the model:

GAS, =, +y,WTL +§,GAS,  +¢, (12)
=w, +v,WTI +38,GAS,, + oz, € = oz, z, ~N(0,1)

2 — 2 2
Where 6* = + o e’_ +B, 67
Where p,, denotes the conditional mean and 67, is the conditional
variance, with ®>0, ol >0 and 1 >0 to ensure 6% >0.

However, the volatility in the conditional mean and variance is
not captured by separately applying the MS, ARCH or GARCH
models. For this reason, this study also fitsa GARCH (1,1) on the
Markov switching residual, GARCH(1,1), ¢, to capture both the
volatility in the conditional mean and variance:
GAS, = w, +v,WTI + {MSu, + oz, € = oz

t 7 [

z ~N(0,1) (13)

2 — 2 2
Where 6* =+ o e’ +B, 67
where u, denotes the conditional mean, y, and {, are the
coefficients, MSu, is the Markov switching residual and 67 is the
conditional variance, with ®>0, o:1 >0 and $1 >0 to ensure 67, >0.

3. EMPIRICAL ANALYSIS

3.1. Unit Root Tests and Preliminary Analysis

The stationarity properties of the gasoline (GAS) and crude
oil (WTI) returns are examined using graphical inspection of
the plots and correlograms, and by performing the ADF, PP
and KPSS tests. As it can be seen from Figure 2 (section 2.1),

Table 2: Unit root test results

Variable ADF PP KPSS
GAS, ~86.94 [0]*** —86.95 (2)*** 0.06 (0)
WTI, ~20.22 [22]*** ~70.88 (25)*** 0.15 (22)

The null hypothesis for the ADF and PP tests is that the series in non-stationary, while
for the KPSS the null hypothesis is that the series is stationary. *** indicates rejection
of the null hypothesis. The optimal lag for the ADF test in [ ] is selected based on the
Schwarz information criterion, while the optimal bandwidths of the PP and KPSS tests
in () are determined based on Newey-West criterion. The Dolado et al. (1990) process is
used for the inclusion of intercept or trend in all the equations. Based on this process, for
the GAS, series, constant is included for all the tests. For the W77 series, no constant or
trend is included for the ADF and PP test, while constant is included for the KPSS test
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Table 3: Markov switching model for gasoline return

Coef —0.00 0.00 0.82%** 0.09%** 0.03%**
z-stat —-0.75 1.63 89.81 6.99 3.78
SIC

—0.00 —4.35%%* =311 3.23 %% —1.17%%*
—-0.19 —323.93 —113.64 31.28 —9.55
-5.311

*#% denotes significance at 1% level. The coefficient of GASvi is significant at 1% in regime 1, while the coefficient of WTI is significant at 1% in both regimes, confirming the inclusion

of crude oil return in the estimates

the GAS, and WTI series are stationary’, as they do not exhibit
any trend. Also, the correlograms confirm that the series are
stationary, as the autocorrelations at various lags hover around
zero (Appendix, Figures B1 and B2). In addition, the ADF, PP
and KPSS test results show that the GAS, and WTI series are
stationary (Table 2). In particular, the ADF and PP tests indicate
that the null hypothesis of non-stationarity is rejected for both
series at the 1% significance level. The KPSS test results
confirm the stationarity of the series, as the null hypothesis
of stationarity cannot be rejected at any conventional level of
significance.

In addition, the non-linear dependence in the volatility of the
gasoline return is examined using the squared GAS, and the ARCH
test. The correlogram of the squared GAS, shows evidence of non-
linear dependence (Appendix, Figure B3), and the ARCH test
confirms the existence of non-linear dependence in the conditional
variance due to time series heteroskedasticity*. In addition, the
residual plot (Appendix, Figure BS) suggests that the residual is
conditionally heteroskedastic and can be represented by ARCH
and GARCH. In particular, periods of high volatility are followed
by periods of high volatility, while periods of low volatility are
followed by periods of low volatility.

Given the evidence of non-linear dependence in the volatility
of the gasoline returns, the Markov Switching model is used to
capture the non-linearity in the conditional mean, while the ARCH/
GARCH models to capture the non-linearity in the conditional
variance.

3.2. Markov Switching model
Table 3 reports the estimation results for the Markov switching
model. As it can be seen, the volatility in the regimes is significant

at the 1% level, while the values are similar (6, = —4.35 and
6, = —3.11). The transition matrix parameters (P11 = 3.23 and
P21 = —1.17) are also significant at the 1% significance level.

Therefore, the Markov Switching process and the existence of
two regimes are confirmed.

Also, the transition probabilities are presented in Table 4.
Probability 1|1 (P11) denotes the probability of being in regime
1, given that the system was in the same regime during the
previous period (0.962), while Probability 2|2 (P22) indicates

3 The series mean and variance structure is stable over time.

4 A regression model is estimated for gasoline return (GASt) assuming that
the constant is the conditional mean, and the ARCH test is performed.
For the ARCH test, 10 lags are used (2 weeks in the sample) and the null
hypothesis, Ho: no ARCH effect exists, is tested. Ho is rejected as Prob.
Chi-square (10) is 0.00<0.05, indicating that the gasoline return shows
evidence of ARCH effect.

Table 4: Transition probabilities

P11 0.962
P12 0.236
P21 0.038
P22 0.764

the probability of being in regime 2, given that the system was
in regime 2 during the previous period (0.764). Probability 1]2
(P12) shows the probability of being in regime 1, given that the
system was in regime 2 (0.236), while Probability 2|1 (P21) shows
the probability of being in regime 2, given that the system was in
regime 1 (0.038). Therefore, regime 1 is the most persistent of the
two. In addition, the expected duration in regime 1, given that the
system was in regime 1, is 26.31 days, while the expected duration
in regime 2, given that the system was in regime 2, is 4.24 days.

3.3. ARCH and GARCH Models

ARCH(1) and ARCH(3) models are estimated for the gasoline
return series, assuming again that the series depends on the crude oil
returns. The results indicate that between ARCH(1) and ARCH(3),
the ARCH(3) is preferable, based on the Schwarz Information
Criterion (SIC)’. However, the ARCH models cannot capture
the dynamics of volatility, and for this reason, a GARCH(1,1) is
also estimated. In particular, using the GARCH(1,1) instead of
the ARCH(3) model, greater parsimony can be achieved, which
is important for forecasting. In addition, based on the SIC, the
GARCH(1,1) is preferable (SIC for ARCH[3] is —5.121 and for
GARCH][1,1]1is —5.220). The estimation results for ARCH(3) and
GARCH(1,1) models are presented in Table 5.

Based on the diagnostic tests for the GARCH(1,1) model, there are
non-normal dynamics, as the Jarque-Bera P < 0.01, while linear
dependence is found from the Q-correlograms (autocorrelation
exists). However, no evidence of non-linear dependence exists
based on the correlogram of squared residuals and ARCH test
(ARCHJ[10] = 0.973 > 0.05 and ARCH[20] = 0.755 > 0.05).
The Jarque-Bera test and the correlograms are presented in
Figures B6-BS.

To account for the linear dependence detected in the GARCH(1,1)
model, a GARCH(1,1) with a lagged gasoline return,
GARCH(1,1),,,.,» is estimated, and the results are reported in
Table 5. Based on the SIC, GARCH (1,1) and GARCH(1,1) ;. , can
be considered equally preferable®. However, the linear dependence
observed in GARCH(1,1) must be addressed, and therefore

5 SIC for the ARCH(1) model is -5.017, while for the ARCH(3) model is
-5.121. Therefore, ARCH(3) model is preferable.
6  SIC for GARCH(1,1) is -5.220, while for GARCH(1,1)GASt-1 is -5.219.
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Figure 3: Out-of-sample forecasts
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Figure 3: (Continued)
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Table 5: ARCH (3), GARCH (1,1) GARCH (1,1)gas..1 and GARCH (1,1) s, €Stimates
i 0.00** 2.36 0.00%** 2.12 0.00** 2.06 0.00%*** 26.93
Y1 0.71%** 153.7 0.72%%* 115.29 0.72%** 114.72 0.65%** 984.31
® 0.00%** 44.64 0.00%*** 21.31 0.00%** 21.32 0.00%** 49.24
o 0.74%** 13531 0.13%** 34.08 0.13%** 33.85 3.40%** 145.52
0, 0.18*** 19.15 - - - - - -
o3 0.17%** 16.5 - - - - - -
Bi - - 0.87*** 369.32 0.87*** 366.16 0.052%** 19.41
oy - - - - 0.02** 2.48 -
G - - - - - - 1.13%%* 1619.8
SIC -5.121 -5.220 -5.219 —7.604
Diagnostic test
Q (10) 3.341 3.386 3.426 0.214
[0.972] [0.971] [0.970] [1.000]
Q (20) 16.017 15.523 15.355 0.321
[0.716] [0.746] [0.756] [1.000]
ARCH (10) 0.334 0.331 0.335 0.021
[0.972] [0.973] [0.972] [1.000]
ARCH (20) 0.788 0.768 0.760 0.0160
[0.731] [0.755] [0.764] [1.000]

Q (10) and Q (20) are the Ljung and Box (1978) Q-statistics of orders 10 and 20, respectively. ARCH (10) and ARCH (20) are the non-heteroskedasticity statistics of orders 10 and 20,
respectively. P-values of the statistics are reported in [ ]
** and *** denote rejection at 1% and 5% respectively

4. FORECASTING PERFORMANCE
EVALUATION OF MODELS

GARCH(1,1) ., is considered more appropriate specification.
The results of the GARCH(1,1),,,,,, show that the previous
day’s residual variance (the GARCH term) and the crude oil
return volatility are both significant at the 1% level, indicating
that previous day’s gasoline return volatility and crude oil return
volatility influence today’s gasoline return volatility. In addition,
the lagged gasoline return is significant at the 5% level, confirming
the existence of linear dependence.

As the out-of-sample performance is crucial for the market
participants, the forecasting performance of the MS, ARCH(3),
GARCH(1,1), GARCH(1,1),,,, ,» and GARCH(1,1),,, - models
is examined. The sample data covers the period from January

2, 1992, to June 6, 2022, while the out-of-sample period used

Also, to capture both the volatility in the conditional mean and in
the conditional variance, a GARCH(1,1) is fitted on the Markov
switching residual (GARCHI[1,1],,, ). The results show that
GARCH(1,1),,, is preferable, as it minimizes the SIC (=7.604).
The results are presented in Table 5.

for forecasting evaluation covers the period Jun 7, 2021, to June
6, 2022. The RMSE, MAE, SMAPE and Theil Ul are used as
evaluation criteria, with lower values indicating better predictive
accuracy of the model. Table 6 shows that the GARCH(1,1)
displays the best out-of-sample performance.

MSut
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Table 6: Evaluation of the forecasting performance
(average return forecast)

Model RMSE MAE SMAPE Theil Ul
Markov Switching ~ 0.014996  0.010765 91.51557 0.334175
ARCH (3) 0.015024 0.010750 91.17665 0.335569
GARCH (1,1) 0.014981 0.010697 90.76971 0.332766
GARCH (1,1)gase1 0.014967  0.010726  91.18358  0.332375
GARCH (1,1)msu 0.004272  0.002945 31.52062 0.008265

Table 7: Evaluation of the forecasting performance
(conditional variance forecast)

Model RMSE MAE SMAPE Theil Ul
ARCH (3) 1130.278  409.3610 186.3841  0.999974
GARCH (1,1) 0.025741  0.018653 171.0630 0.912042
GARCH (1,1)gasc1 0.025726  0.018625 168.7034  0.903785
GARCH (1,1)vsee 2.9E+133  2.4E+132 199.8561  1.00000

In addition, Figure 3 presents the average return forecast
obtained from the five estimated models. As it can be seen,
the GARCH(1,1),,  model displays the greatest accuracy,
outperforming the other models.

In addition, the forecasts of the conditional variance are generated
using the square returns, and the same criteria are used to evaluate
the forecasting performance of the models, except from the Markov
Switching’. The results show that GARCH(1,1) ., , outperforms
ARCH(3), GARCH(1,1) and GARCH(1,1),,, . Therefore, the
GARCH(1,1),,,,,, is the best model for forecasting the volatility
of gasoline returns. The results are presented in Table 7.

5. CONCLUSION

In this paper, the short-term dynamics of the gasoline price
volatility were modelled using non-linear models, particularly
the Markov Switching model and the ARCH/GARCH models, as
regimes and non-linear dependence are present in the energy price
returns. In particular, the Markov Switching model was used to
capture the volatility in the conditional mean, describing the series’
behaviour in different regimes, while the ARCH and GARCH
models were used to capture the volatility in the conditional
variance. In addition, this study also fitted a GARCH on the
Markov Switching residual to combine both conditional mean
and variance. Finally, we evaluated the forecasting performance of
the estimated models using the root mean squared error (RMSE),
mean absolute error (MAE), symmetric mean absolute percentage
error (SMAPE) and Theil Ul criteria.

The evidence shows that GARCH(1,1) fitted on the Markov
switching residual, GARCH(1,1),, ., outperforms the other models
for the average returns forecast. However, the GARCH(1,1)
with linear dependence, GARCH(1,1), . ,» is the best model for
forecasting the conditional variance of gasoline returns.

Identifying the best time series model is very important for the
market participants, especially for oil companies to evaluate the

7 Markov Switching model captures the non-linearity in the conditional mean
but does not account for the conditional variance.
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market conditions. In particular, adopting a GARCH(1,1) |,
can provide more accurate forecasts for average gasoline returns
by capturing both volatility and regime shifts in the market.
Additionally, utilizing GARCH(1,1) ., to forecast volatility
of gasoline returns contributes to improved pricing accuracy and
informs policy decision-making in energy market uncertainty.
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APPENDIX

Figure A1: Plots of gasoline and crude oil volatility

Gasoline volatility
.08

.07
.06
.05
.04
.03
.02
.01
.00

Volatility

1995 2000 2005 2010 2015 2020

Crude oil volatility

Volatility

1995 2000 2005 2010 2015 2020

Source: Energy Information Administration (EIA)

Figure B1: Correlogram of gasoline return (GAS))
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Figure B2: Correlogram of crude oil return (WTI)
Autocorrelation Partial Correlation AC PAC Q-Stat Prob
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Figure B3: Correlogram of squared gasoline return (GAS))
Autocorrelation Partial Correlation AC PAC Q-Stat Prob
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Figure B4: Correlogram of squared crude oil return (WTI)
Autocorrelation Partial Correlation AC PAC Q-Stat Prob
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Figure B6: Jarque-Bera test to check for non-normal dynamics in the GARCH(1,1)
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Figure B7: Q- Correlogram to detect the existence of linear
dependence in the GARCH(1,1)
Autocorrelation Partial Correlation AC PAC Q-Stat Prob*
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Figure B8: Correlogram of squared residuals to detect the existence of
non-linearity in the GARCH(1,1)
Autocorrelation Partial Correlation AC PAC Q-Stat Prob*
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