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Abstract

Environmental and climatic alterations, coupled with increasing economic activity and
increasing energy demand, have reinforced the global need to develop substitute fuels as
a means of reducing reliance on fossil fuels. Saudi Arabia has shown increasing biofuel
consumption (charcoal and fuelwood) in recent years. Thus, this study was designed to
examine the relationship between biofuel energy consfumption, economic growth and the
environment. Accordingly, the study comprises dual portions: the first tests the cointe-
gration association among biofuel consumption and economic growth, while the second
discovers a cointegration association among biofuel consumption and carbon dioxide emis-
sions. The study also includes a forecasting analysis. Data on biofuel energy consumption,
economic growth and the environment were compiled from numerous sources covering
the period from 1990 to 2023. Engel–Granger method assessments revealed long-term rela-
tionships between bioenergy consumption, economic growth, and environmental quality.
FMOLS and DOLS estimates yielded results well-matched with those acquired using the
Engel–Granger method. Furthermore, the gross rates of biofuel consumption equal 2.40%
for the period 2010–2023 and 2.80% for the forecast period 2023–2035. Similarly, the growth
rates of gross domestic product were calculated at 7.50% for the period 2010–2023 and
11.00% for the projected period 2023–2035. Also, the gross rates of CO2 emissions were
calculated at 1.90% for the period 2010–2023 and 0.95% for the projected period 2023–2035.
The results indicate that biofuel consumption is expected to continue growing at a faster
rate, joined by strong economic growth. Particularly, the projected slowdown in carbon
dioxide emissions suggests a possible decoupling of economic activity from environmental
degradation. These findings underscore the need to promote biofuel development and
clean energy policies to reinforce sustainable economic growth while reducing emissions in
the long term.

Keywords: charcoal; fuelwood; CO2 emissions; gross domestic product

1. Introduction
Environmental and climatic shifts, combined with expanding economies and rising

energy demand, have driven a growing focus on developing alternative fuels to reduce
dependence on fossil energy sources [1]. Fossil fuels are a non-renewable source of energy,
and their use is a major driver of worldwide warming because of the emission of carbon
dioxide [2]. When biofuels are produced sustainably and castoff efficiently, they provide
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a low-carbon substitute to traditional fossil fuel consumption [3,4]. Biofuels are a vital
component of sustainable energy systems, promoting access to ecologically friendly energy
bases and supporting overall environmental excellence [5].

Two of the Sustainable Development Goals (SDGs) adopted by the United Nations are
directly related to climate change and alleviation strategies: confirming access to reasonable,
sustainable, reliable, and contemporary energy for all (SDG 7) and promoting climate action
(SDG 13) [6,7]. In line with these worldwide main concerns, Saudi Arabia’s Vision 2030
outlines a motivated renewable energy strategy, establishing the growth of clean energy
as a cornerstone of realizing national sustainable development [8,9]. Saudi authorities,
led by the National Center for Vegetation Development and Combating Desertification,
enforce strict regulations aimed at preserving natural vegetation cover and curbing illegal
logging and local charcoal production [10]. Saudi Arabia is one of the leading consumers
of charcoal in the Gulf region, accounting for a significant share of regional demand [11].
Globally, the Saudi market represented approximately 8.32% of international charcoal sales
in 2024 [12]. Saudi Arabia depends mainly on imported biofuel (charcoal and fuelwood)
from the world market [12].

The link between economic growth, energy consumption, and environmental degra-
dation has prompted increasing concern in environmental economics, mainly within the
outline of the environmental Kuznets curve and the energy-driven growth hypothesis.
These two theoretical approaches offer a broad foundation for understanding the active
connections between economic growth, energy consumption and conservational sustain-
ability. Recent empirical studies continue to validate this theoretical proposition across
different regions and methodologies [13–18].

In relation to Saudi Arabia, the relationship between economic growth, energy con-
sumption and environmental degradation is of specific significance given the Kingdom’s
substantial dependence on fossil fuels and its continuing economic conversion in Vision
2030. The latest observational studies deliver robust confirmation supporting the relation-
ship between the environmental Kuznets curve and the energy-driven growth hypothesis
in the Saudi economy [19–22].

Various writers have considered the relation between biofuel consumption and other
sectors. They propose a modest influence by studying the dynamics of carbon emis-
sion distribution, bioenergy consumption, and economic growth, taking into account
non-parametric density methods and quantum regression [23]. Estimates confirm that
economic growth and non-renewable energy consumption have a positive impact on
carbon emissions, leading to environmental degradation. Conversely, bioenergy consump-
tion displays a significant negative impact on carbon emissions, effectively enhancing
environmental sustainability.

A previous study intended to disclose the long-run relation between economic growth,
renewable energy consumption, non-renewable energy consumption, globalization and
carbon dioxide emissions covering a period from 1970 to 2018. It used an Autoregressive
Distributed Lag model as the model for analysis. The study recognized long-term links
among such series. The findings indicate that renewable energy use and globalization
contribute to emissions reductions, whereas the consumption of non-renewable energy
leads to expanded emissions in the long and short term [24].

Refs. [25,26] planned to test the influence of renewable energy consumption on carbon
dioxide emissions in the United States during the period 2000–2007, applying a spatially
dynamic panel data model. The outcomes designate that the use of renewable energy has a
statistically significant negative influence on carbon dioxide emissions, while the association
among economic freedom and releases takes a U-shape. Furthermore, the study recognized
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a statistically significant positive spatial lag for carbon dioxide emissions, signifying a
positive correlation between a country’s emissions and those of its neighboring countries.

Other studies were designed to test the influence of hydroelectric and renewable
energy consumption on the environmental footprint in G20 nations for the period from
2002 to 2022. The half-panel jackknife causality method and regression method were
applied as methods of analysis. The results show that fighting exploitation and renew-
able energy decrease contamination, while hydroelectric power raises environmental
contamination [27,28].

Another study investigated the influence of renewable energy consumption and gross
domestic product on carbon dioxide emissions in Thailand, using an Autoregressive Dis-
tributed Lag (ARDL) model as an analytical framework [29]. Covering the period from
1980 to 2018, the researchers found that renewable energy consumption had a statistically
significant negative effect on short-term carbon dioxide emissions. In contrast, both the less-
ening of non-renewable energy resources and GDP growth showed statistically significant
positive impacts on short- and long-term carbon dioxide emissions.

An additional study was directed to test the influence of renewable energy consump-
tion on per capita carbon dioxide emissions in China during the period 1990–2020 [30],
using an ARDL model. The results showed that a one percent rise in per capita renewable
energy consumption decreases per capita carbon dioxide emissions by 0.259% in the long
term. However, the results also discovered that the fast growth of the renewable energy
sector in China is currently leading to increased carbon dioxide emissions, and that a one
percent rise in renewable energy intake raises carbon dioxide emissions by between 0.285%
and 0.288% in the short term.

Another previous study investigated the role of renewable energy in promoting eco-
nomic transformation and sustainability [31]. Including journal texts, a literature review
was conducted by the Scopus database, concentrating on reviews, book chapters and
peer-reviewed articles issued between 2014 and 2023. The examine strategy relied on
keywords such as “renewable energy,” “development,” “economics,” and “sustainable
development,” filtered by subject, language, document type and geographic scope. The
review indicates that the adoption of renewable energy significantly contributes to envi-
ronmental sustainability by reducing the ecological footprint and lowering greenhouse
gas emissions. Among the various renewable energy sources, wind power stands out as
an effective driver of sustainable economic development. The findings also highlight the
contribution of renewable energy intake in boosting tourism and contributing to gross
domestic product growth.

Scientists are discovering alternate fuel types other than traditional ones to lessen
carbon emissions through decreasing reliance on fossil fuels [32]. The transport sector is a
main user of fuel, making it a critical zone for the adoption of substitute fuels. Their investi-
gation outlined potential conversion scenarios in the transport sector to substitute gasoline
and diesel in fossil fuel-dependent economies, comprising Saudi Arabia. It highlighted the
potential of substitute fuels, such as ethanol and hydrogen, to meet demands thanks to
technological advancements that raise efficacy and decrease costs. The results suggest that
by 2050, artificial fuel creation will greatly contribute to reducing crude oil consumption
and carbon dioxide emissions. This study, the first of its kind in the region, assessed the
application of synthetic fuels made from fossil fuels. The study demonstrates the need for
fundamental changes to policies and their implementation mechanisms, and that substitute
fuels could become cost-competitive with conventional fuels if Saudi Arabia’s high goals
for reducing carbon dioxide emissions are met. The study offers an initial valuation of the
execution of the arrangement and emphasizes the necessity for strong rules to accelerate
the conversion to substitute fuels.
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Another study aimed to examine the impacts of the agriculture, economic growth
and renewable energy nexus on carbon dioxide (CO2) emissions [33]. The main findings
include the existence of a long-term association among the elected variables: agriculture
pointedly raises CO2 emissions (in the developing economies of the G20), and renewable
energy intake decreases CO2 emissions (in the developed economies of the G20).

Another study explores the long-term association among renewable energy use, eco-
nomic growth, and environmental sustainability in Saudi Arabia from 1990 to 2023, using
the ARDL model. The results confirm the presence of cointegration, reflecting the dynamic
interaction between renewable energy, economic growth, and environmental sustainabil-
ity [34].

Making reference to previous studies, the significance of this study emerges from its
focus on the consumption of charcoal and fuelwood as biofuel, which are less researched in
spite of the fact that their consumption is increasing [35]. In addition, this study enriches
the literature through the nature of biofuel consumption, which is imported not produced
internally. Moreover, this study used different analytical tools: a Granger causality test
with its robustness, regression analysis and a forecasting test. Also, the design of this
study lies in its objectives; it was planned to evaluate the impact of bioenergy consumption
on the economy and the environment. Therefore, the study consists of two portions:
the first examines the cointegration relationship between biofuel consumption and GDP,
while the second determines the cointegration association among biofuel consumption and
carbon dioxide emissions. Moreover, it includes a forecasting analysis for the variables
under study.

The following are the research questions and hypotheses:
Research Questions:
Grounded in the Environmental Kuznets Curve and Energy-Led Growth, research

questions are derived as follows:
Is there a long-run relationship between biofuel consumption and economic growth?
Is there a long-run relationship between biofuel consumption and CO2 emission?
Testable Hypotheses:
There is a long-run relationship between biofuel consumption and economic growth.
There is a long-run relationship between biofuel consumption and CO2 emission
The study is structured as follows: Section 1 provides the introduction, explaining

the importance of biofuel energy and highlighting various studies related to this study’s
subject. The Section 2 deals with the research methods. The Section 3 comprises the results.
The Section 4 offers thediscussion.

2. Materials and Methods
2.1. Data Explanation

The study aimed to test the influence of biofuel consumption on economic growth and
environment in Saudi Arabia. Biofuel is represented by charcoal and fuelwood in Terajoule
(TJ). The data of such variables were collected from various sources [35–37]. It covers the
period from 1990 to 2023. The data analysis was performed using the EVIEWS 9 software
package, and an overview of the dataset is shown in Table 1.

Table 1. Variables illustration.

Variable Unit Sources

Biofuel consumption (E) Terajoule (TJ)

https://www.fao.org/faostat/
ar/#data/BE accessed on

5 February 2026
[35]
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Table 1. Cont.

Variable Unit Sources

Gross domestic product (G) Billion Dollar (B$)

https://countryeconomy.com/
gdp/saudi-arabia accessed on

5 February 2026
[36]

CO2 emissions (C) Kilotonnes (kt)

https://countryeconomy.com/
energy-and-environment/co2

-emissions/saudi-arabia accessed
on 5 February 2026

[37]

2.2. The Methodology
2.2.1. Descriptive and Graphic Analysis

Descriptive analysis was conducted to summarize the key statistical features of the
time series variables, revealing underlying trends, variance patterns, and potential anoma-
lies. This initial assessment provides crucial insights that contribute to econometric model-
ing and subsequent stability tests [38].

The series’ overall index curves were plotted to provide an initial indication of po-
tential long-term stable relationships between the variables. This graphical approach is a
fundamental preliminary technique for the subsequent application of cointegration testing.

2.2.2. Test Long-Run Relationship: (Cointegration Tests)

1. Unit root test: [39,40] determined the subsequent calculation to assess the order of
the time series, applying the Dickey–Fuller (ADF) test:

∆Xt = Ct1 + B1Xt−1 + Et1 (1)

∆Xt = Ct2 + bt + B2Xt−1 + Et2. (2)

Here, B1 and B2 represent the Dickey–Fuller (ADF) test statistics to be estimated.
b, C, E and t represent the trend component, constant term, error term, and time index,
respectively. The null hypothesis (H0) states that the variable X has a unit root, while
the alternative hypothesis (H1) assumes that the variable X is stationary. The chain is
considered stationary when the t-statistic associated with the Dickey–Fuller (ADF) test
coefficient exceeds the corresponding critical value. To inference the results of the ADF test,
the Phillips–Perron test (PP) was used [41–43].

2. Engle–Granger test: To apply the Engle–Granger cointegration technique, the
order of integration of the variables must first be determined, ensuring that all chains are
integrated of the same order, usually order 1(1). Once this condition is met, the Engle–
Granger test can be applied [41,44]. The technique consists of the following steps:

1. The first regression equation is:

Xt = a1 + b11 Yt + zt1 (3)

Yt = a2 + b12Xt + zt2 (4)

where b11 and b12 represent the estimated slope coefficients (Equations (3) and (4)), respec-
tively [45].

2. Then, the Dickey–Fuller (ADF) test is executed to the residuals (zt1 and zt2) to
determine whether the series of residuals is stationary. If the ADF statistic extracted from
the second-stage regression is negative and bigger than the corresponding critical value
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at the I(1) level, this indicates the coefficients b5 and b6 are statistically significant (b5 and
b6 ̸= 0), and therefore the two series are cointegrated.

To check the robustness of the Engle–Granger test results, alternative cointegration
methods (dynamic ordinary least squares (DOLS) and fully modified ordinary least squares
(FMOLS) models) were used: testing for structural breaks using the Chow test; stability
tests through checking CUSUM, CUSUMSQ or recursive coefficients to ensure parameters
are stable over time; residual diagnostics. Verify: No autocorrelation, Homoskedasticity
and Normality [46].

2.2.3. Error Correction Model (ECM)

The error correction model (ECM) is used to evaluate the speediness of alteration
in a short-term relationship between two series [47]. The ECM is applied only when
cointegration approves the existence of a long-term equilibrium association between the
variables. The ECM equations are as follows [48]:

∆(LXt) = ∆b13Lxt−1 + ∆b14LYt−1+b15Ut−1 + Et3 (5)

∆(LYt) = ∆b16LYt−1 + ∆b17LXt−1+b18Ut−1 + Et4 (6)

where b13 and b16 represent the coefficients of the lagging dependent variables after dif-
ferentiation; b14 and b17 signify the coefficients of the lagging independent variables after
differentiation; and b15 and b18 represent the adjustment velocity, which must be negative
and statistically significant to approve model stability [49]. (X) and (Y) refer to the variables,
U1 and, U2 are the error correction limits, and E3 and E4 are the error terms. The sound-
ness of the error correction model (ECM) was further appraised using residual diagnostic
tests [50].

2.2.4. Forecasting Analysis

This study used a forecasting model based on linear trend [51]. The justification for
using linear models is that they are widely used in macroeconomics, and the variables under
study are cointegrated. Although it is valuable, the linear model has several limitations: an
inability to capture nonlinear dynamics, structural breaks, the exclusion of regime changes,
and potential forecast bias. The model tests its accuracy through residual diagnostic test
and stability diagnostics CUSUM and CUSUM of Square test. To further advance accuracy,
structural break tests were run to justify parameter stability.

Forecasting analysis was conducted for biofuel consumption, gross domestic product
and CO2. In addition, the gross rates of these variables were calculated for two periods:
the historical period from 2010 to 2023, and the projected period from 2023 to 2035. The
gross rate was determined using the Compound Annual Growth Rate (CAGR) Equation
as follows [52]:

CAGR = T

√
YT
Y0

− 1 (7)

where r, YT and Y0 represent number of years, ending value and beginning value, respectively.
Another method that can be used to calculate growth rate applied the following

formula [53]:
Gt...n = (G t + Gt+1 . . . + Gn)

)
/N (8)

where Gt...n refers to the growth rate during the specified period, and (N) represents the
number of years during that period.
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3. Results
This research paper seeks to identify cointegration relationship between biofuel

consumption and gross domestic product, and CO2 emission. Also, the study aims
to disclose the performance of the variables during historical (2010–2023) and forecast
(2023–2035) period.

3.1. Descriptive Analysis Results and Graphical

From Table 2, the descriptive indicators for all variables are valued. The Jarque–
Bera test probabilities for biofuel consumption and gross domestic product are less than
the threshold of 0.05, indicating that the series deviate substantially from the normal
distribution, while carbon dioxide (CO2) emissions is normally distributed.

Table 2. Descriptive statistics of the variables under study.

E G CO2

Mean 420.15 475.37 400.58

Median 296.05 396.04 377.31

Maximum 1649.91 1239.08 622.91

Minimum 180.01 117.47 173.90

Std. Dev. 375.61 339.18 161.50

Jarque–Bera 48.35 3.03 3.69

Probability 0.000 0.22 0.16

Observations 34 34 34
E, G and C are biofuel consumption, gross domestic product and CO2 emission, respectively.

Graphical Analysis Results

As a preliminary step before conducting cointegration analysis, Figure 1 indicates a
potential long-term relationship between biofuel consumption (TJ), gross domestic prod-
uct (billion $) and CO2 emission (kt). This visual evidence provides initial support for
proceeding and conducting cointegration tests.
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Figure 1. Graphic analysis results. Source: Drawn by author.
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3.2. Co-Integration Test Analysis Results
3.2.1. The Results of Unit Root Tests

The stability of biofuel consumption ((E), gross domestic product (G) and CO2 emis-
sions (C) in Saudi Arabia were examined using the unit root test through Augmented
Dickey–Fuller (ADF) and Phillips–Perron (PP) tests. All series are stationary at 1(1) and
science ADF Statistics were significant at 1% level in the first difference, signifying that the
chains are stationary at 1(1) (Tables 3 and 4). Accordingly, the series appear in the same
fixed order, and therefore the Engle–Granger test was elected to measure the association
among the chains.

Table 3. Results of unit root test (ADF).

Time Series Intercept Intercept
and Trend Stationarity Intercept Intercept

and Trend Stationarity

At Level At First Difference

LE −2.261 −2.388 Non stationary −3.752 * −6.033 * Stationary
LG −0.186 −2.138 Non stationary −5.344 * −5.281 * Stationary
LC −1.247 −2.401 Non stationary −1.619 −4.603 * Stationary

* at 1% level of significance. E, G and C are biofuel consumption, gross domestic product and CO2 emissions,
respectively. L represents logarithm.

Table 4. Results of unit root test (Phillips–Perron (PP)).

Time Series Intercept Intercept
and Trend Stationarity Intercept Intercept

and Trend Stationarity

At Level At First Difference

LE −3.146 −3.116 Non stationary −6.724 * −6.595 * Stationary
LG −0.100 −2.138 Non stationary −5.345 * −5.272 * Stationary
LC −1.707 −0.359 Non stationary −4.096 * −4.737 * Stationary

* At 1% level of significance. E, G and C are biofuel consumption, gross domestic product and CO2 emissions,
respectively. L represents logarithm.

3.2.2. Part One: Cointegration Analysis Results (Biofuel Consumption and Gross
Domestic Product)

The ADF tests concentrated on the residuals (it) and (zt) in Equations (3) and (4),
respectively (Table 5). The table shows that ADF statistics are −3.82 and –5.77, statistically
significant at 1% level of significance. The outcomes combined to confirm the alternative
hypothesis of integration, demonstrating that the biofuel consumption and gross domestic
product possess long-run association. This result matched with a previous study [29].
This study explores the long-term associations among renewable energy consumption,
economic growth, and environmental sustainability in Saudi Arabia from 1990 to 2023,
using the ARDL model. The results confirm the presence of cointegration, reflecting the
dynamic interaction between renewable energy, economic growth, and environmental
sustainability [34].

Table 5. Cointegration Test—Engle–Granger test results—ADF residual (LE and LG).

Dependent LG LE

LE −3.82 *
LG −5.77 *

* Indicates 1% level of significance. E and G represent biofuel consumption and gross domestic product, respec-
tively. L represents logarithm.
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To strength the results of the Engle–Granger test, residual diagnostics and the Chow
test were used (Table 6). Jarque–Bera statistic equals 3.61, Prob. = 0.17 and 2.58, Prob. = 0.28
foe models 1 and 2, respectively, suggesting that the residuals are normally distributed.
Chow Forecast F-statistic equals 0.21, Prob. = 0.98 and 2.86, Prob. = 0.022 for models 1
and 2, respectively. This result suggests that the structure breaks are absent and present
in models 1 and 2, respectively. In addition, stability tests were checked by CUSUM and
recursive coefficient estimates for models 1 and 2, respectively, indicating the stability of
the models (Figures 2 and 3). Figure 3 shows recursive coefficient estimates, which are used
to test parameter stability in the regression model. The figure showed the stability of the
model, since the coefficient (blue line) stays within the confidence bands (red lines).

Table 6. Stability diagnostics results of the Engle–Granger test LE and LG.

Accuracy Tools LE (Dependent) Model 1 LG (Dependent) Model 2

Jarque–Bera statistic 3.61, Prob. = 0.17 2.58, Prob. = 0.28
Chow Forecast Test F-statistic = 0.21, Prob. = 0.98 F-statistic = 2.86, Prob. = 0.022

E and G represent biofuel consumption and gross domestic product, respectively. L represents logarithm.

Figure 2. CUSUM curve (biofuel consumption as dependent and GDP independent). Source: Drawn
by author.

Also, alternative cointegration methods (fully modified ordinary least squares
(FMOLS) and dynamic ordinary least squares (DOLS)) were used to robustness of the
Engle–Granger test results (Tables 7 and 8).

Table 7. Results of robustness test: fully modified ordinary least squares (FMOLS).

LE (Dependent Variable) LG (Dependent Variable)

Independent V. Coefficient Independent V. Coefficient

LG −0.24 (0.07) LE −0.74 (0.06)

C 8.95 (0.00) C 17.10(0.00)

R-squared 0.09 Adj. R-squared 0.06 R-squared 0.92 Adj. R-squared 0.91

arque–Bera test: 4.26 Prob. 0.12 Jarque–Bera test: 0.40 Prob.0.82
Statistics concerning ( ) are Probability. E and G are biofuel consumption and gross domestic product, respectively.
L represents logarithm.

Long run confirmation: Fully modified ordinary least squares (FMOLS) and dynamic
ordinary least squares (DOLS) were run to reinforce the findings of the Engle–Granger
test [53]. Tables 7 and 8 display the findings of FMOLS and DOLS models, respectively.
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Table 8. Results of robustness test: dynamic ordinary least squares (DOLS) (LE and LG).

LE (Dependent Variable) LG (Dependent Variable)

Independent V. Coefficient Independent V. Coefficient

LG −1.85 (0.007) LE 1.71 (0.07)

C 29.39 (0.005) C 3.62 (0.42)

R-squared 0.98 Adj. R-squared 0.90 R-squared 0.99 Adj. R-squared 0.96

Jarque–Bera test: 0.95 Prob. 0.62 Jarque–Bera test: 0.40 Prob.0.82
Statistics inside ( ) are Probability. E and G are biofuel consumption and gross domestic product, respectively.
L represents logarithm.

Figure 3. Recursive estimates curve (GDP as dependent and biofuel consumption independent).
Source: Drawn by author.

The results of fully modified ordinary least squares (FMOLS) and dynamic ordinary
least squares (DOLS) are synchronized with Engle–Granger test valuation (Table 9). We
found that biofuel consumption and economic growth possess long-run association. Many
preceding studies used fully modified ordinary least squares (FMOLS) and dynamic or-
dinary least squares (DOLS) to fortify the findings of integration models, specifically the
ARDL model [39,54].

Table 9. Long-run evidence (LE and LG).

Dependent–Independent Engle–Granger FMOLS DOLS

LE-LG −3.82 * −0.24 *** −1.85 *
LG-LE −5.77 * −0.74 *** 1.71 ***

Source: Tables 5–7. * and *** significance level at 1% and 10%, respectively; E—biofuel consumption in Saudi;
G—gross domestic product; FMOLS—fully modified ordinary least squares; DOLS—dynamic ordinary least
squares; L—logarithm.
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3.2.3. Results of ECM (Biofuel Consumption and Economic Growth)

Table 10 identifies the optimal lag 1, which is required for running the ECM. The
findings of ECM are presented in Table 11. To validate the Vector Error Correction Model
(VECM) and ensure its reliability, residual diagnostic tests specifically VEC residual nor-
mality tests, serial correlation LM tests, and the Jarque–Bera statistic were used [50]. The
LM- statistic (lag 1) equals 1.44 with Prob. = 0.84, signifying no serial correlation. The
VEC Residual Normality Tests and Jarque–Bera statistics equal Chi-sq = 1.57 (prob. 0.46)
and 0.43 (prob. 0.81), demonstrating that the residual is normality distributed. There-
fore, the outcomes of model capability focused to castoff of null hypothesis, no serial
correlation and normal distribution of residuals. The estimate of correction factor for
biofuel consumption (as dependent variable) showed negative sign −0.61 and significant
(critical t-value = −3.20), concluding that the model was capable to accurate its preceding
time variability. Also, the findings suggest that the estimate of adjustment parameter gross
domestic product (as dependent variable) was negative (−0.02) and statistically insignifi-
cant (critical t-value = −0.50), signifying that the model was powerless to accurate its past
period variability. This outcome determined that the models might need more time than a
year to accurate its former time disparity.

Table 10. Lag selection between variables LE and LG.

Lag LogL LR FPE AIC SC HQ

0 −63.96 NA 0.21 4.12 4.21 4.15
1 1.47 116.98 * 0.01 * 0.34 * 0.61 * 0.43 *

Where *—Lag order selected by the criterion; NA—not available; FPE—final prediction error; SC—Schwarz
information criterion; LR—sequential modified likelihood ratio (LR) test statistic (each test at 5% level); HQ—
Hannan–Quinn inf n information criterion; AIC—Akaike information criterion; logL—log lag variable.

Table 11. Results of ECM (biofuel consumption and gross domestic product).

Error Correction D(LE) D(LG)

CointEq1 −0.61 [−3.20] −0.02 [−0.50]
D(LE(−1)) 0.21 [1.10] −0.01 [0.29]
D(LG(−1)) −0.02 [−0.2] 0.01 [0.03]

C −0.01 [−0.09] 0.07 [2.62]

VEC Residual Normality Tests: Chi-sq = 1.57 Prob. = 0.46

Jarque–Bera statistic: 0.43 Prob. = 0.81

ECM residual serial
correlation LM tests: Lags LM-Stat Prob.

1 1.44 0.84
Figures between [] are critical t-values. E and G are biofuel consumption and gross domestic product, respectively.
L represents logarithm.

3.2.4. Part Two: Co-Integration Analysis Results (Biofuel Consumption and CO2 Emission)

At first difference ADF and PP estimates of biofuel consumption and CO2 emission are
significant at 1% level, demonstrating that the same stationary order 1(1) (Tables 3 and 4).
The ADF and PP tests were applied on the residuals (it) and (zt) in Equations (5) and
(6), respectively (Table 12). ADF estimates of biofuel consumption and CO2 emission
equal −3.77 and −4.44 which are statistically significant at 1% level, suggesting that biofuel
consumption and CO2 emission bond in the long run. This result harmonized with previous
studies [33,34].
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Table 12. Cointegration Test—Engle–Granger test results—ADF residual(LE and LC).

Dependent LC LE

LE −3.77 *
LC −4.44 *

Source: Author calculations. * indicates 1% level of significance. E and C are biofuel consumption and CO2
emission, respectively. L represents logarithm.

Long-run confirmation
Jarque–Bera statistic equals 3.61, Prob. = 0.17 and 2.58, Prob. = 0.28 foe mode 1 and

2, respectively, suggesting that the residuals are normally distributed (Table 13). From
the Table 13, Chow Forecast F-statistic equals 0.21, Prob.= 0.98 and 2.86, Prob. = 0.022
for model 1 and 2, respectively. This result suggests that the structure breaks are absent
and present in models 1 and 2, respectively. In addition, stability tests are checked by
CUSUM and CUSUMSQ for model 1 and 2, respectively, indicating the stability of the
models (Figures 4 and 5). Figure 6 is recursive coefficient estimates, which are used to test
parameter stability in the regression model. The figure shows the stability of the model,
since the coefficient stays within the confidence bands. Also, alternative cointegration
methods (fully modified ordinary least squares (FMOLS) and dynamic ordinary least
squares (DOLS)) were used (Tables 14 and 15).

Table 13. Stability diagnostics results of the Engle–Granger test LE and LC.

Accuracy Tools LE (Dependent) Model 1 LC (Dependent) Model 2

Jarque–Bera statistic 5.57, Prob. = 0.06 2.96, Prob. = 0.23
Chow Forecast Test F-statistic = 0.11, Porb. = 0.99 F-statistic = 2.05, Porb. = 0.08

E and C are biofuel consumption and CO2 emission, respectively. L represents logarithm.

 
Figure 4. CUSUM curve (biofuel consumption as dependent and CO2 independent variable). Source:
Drawn by author.

Table 14. Results of robustness test: FMOLS—fully modified ordinary least squares.

LE (Dependent Variable) LC (Dependent Variable)

Independent V. Coefficient Independent V. Coefficient

LC −0.47 (0.06) LE −0.39 (0.07)

C 8.63 (0.000) C 8.20 (0.000)

R-squared 0.08 Adj. R-squared 0.05 R-squared 0.03 Adj. R-squared −0.01

Jarque–Bera test: 4.83 Prob. 0.10 Jarque–Bera test: 3.41 Prob.0.18
Statistics inside ( ) are Probability. E and C are biofuel consumption and CO2 emission, respectively. L repre-
sents logarithm.
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Figure 5. Recursive estimates curve (CO2 as dependent and biofuel consumption independent).
Source: Drawn by author.
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Figure 6. Forecasting graph (E: biofuel consumption). Source: Drawn by author.

Table 15. Results of robustness Test: dynamic ordinary least squares (DOLS).

LE (Dependent Variable) LC (Dependent Variable)

Independent V. Coefficient Independent V. Coefficient

LC −0.67 (0.09) LE 2.18 (0.004)

C 10.06 (0.000) C −6.18 (0.02)

R-squared 0.17 Adj. R-squared 0.05 R-squared 0.99 Adj. R-squared 0.98

Jarque–Bera test: 5.01 Prob. 0.10 Jarque–Bera test: 2.19 Prob.0.34
Figures between ( ) are Probability. E and C are biofuel consumption and CO2 emission, respectively. L repre-
sents logarithm.

The findings of fully modified ordinary least squares (FMOLS) and dynamic ordinary
least squares (DOLS) appeared in Tables 14 and 15, respectively.

The findings of fully modified ordinary least squares (FMOLS) and dynamic ordinary
least squares (DOLS) are similar to the Engle–Granger calculation (Table 16). A long-run
association was detected among biofuel consumption and CO2 emission.
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Table 16. Long-run evidence of Engle–Granger test between LE and LC.

Dependent–Independent Engle–Granger FMOLS DOLS

LE-LC −3.77 * −0.47 *** −0.67 ***
LC-LE 4.44 * −0.39 *** 2.18 *

Source: Tables 12, 14 and 15. * and *** significance level at 1% and 10%, respectively. All abbreviations are
illustrated in Table 9. E and C are biofuel consumption and CO2 emission, respectively. L represents logarithm.

3.2.5. Results of ECM (Biofuel Consumption and CO2 Emission)

Lag length 1 was selected (Table 17). From Table 18, residual diagnostic tests results
showed that the ECM residual serial correlation LM- estimate (lag 1) equals 5.80 with
Prob.= 0.22, signifying no serial correlation. Jarque–Bera statistics and the VEC Residual
Normality tests equal 1.69 (prob. 0.43) and Chi-sq = 1.57 (prob. 0.46), representing that the
normality distribution of the residual. Consequently, these outcomes of model suitability
concentrating to castoff of null hypothesis, no serial correlation and normal distribution of
residuals. The correction factor estimates for biofuel consumption (as dependent variable)
shown negative sign (−0.63) and significant (critical t-value= −3.27), signifying that the
model was capable to true its prior period variability. This outcome harmonized with
a previous study [29]. The study showed that renewable energy consumption had a
statistically significant negative impact on short-term carbon dioxide emissions. Likewise,
the outcomes of CO2 emission suggest that the adjustment parameter estimates were
negative (0.02) and statistically insignificant (critical t-value= −1.36), demonstrating that
the model was incapable to precise its former period variability.

Table 17. Lag selection between LE and LC.

Lag LogL FPE AIC HQ SC LR

1 39.04 0.0004 * −2.19 * −2.13 * −2.01 * NA
2 41.91 0.0004 −2.12 −1.99 −1.75 5.02

Source: Author calculations based on collected data. All abbreviations are illustrated in Table 10. * indicates 1%
level of significance.

Table 18. Results of ECM (biofuel consumption and CO2 emission).

Error Correction D(LE) D(LC)

CointEq1 −0.63 [−3.27] −0.02 [−1.36]
D(LE(−1)) 0.24 [1.24] −0.0001 [−0.01]
D(LC(−1)) −3.57 [−1.15] 0.25 [1.37]

C 0.13 [0.84] 0.03 [3.33]
VEC Heteroskedasticity Test: 21.27 Prob. 0.27

ECM residual serial
correlation LM tests: Lags LM-Stat Prob.

1 5.80 0.22

Jarque–Bera statistic: 1.69 Prob.= 0.43

VEC Residual Normality Tests: Chi-sq = 1.57 Prob.= 0.46
Numbers regarding [] are critical t-values. E and C are biofuel consumption and CO2 emission, respectively.
L represents logarithm.

3.2.6. Forecasting Analysis Result

Linear forecast models were applied. The model tests its accuracy through residual
diagnostic test, stability diagnostics CUSUM and CUSUM of Square test and structural
break tests (Chow Forecast Test) are run to justify parameter stability (Table 19). Generally,
in the forecasting graph the blue and red part reflect to actual and prediction for the
period, respectively.
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Table 19. Stability diagnostics results of the forecast models for E, G and C.

Accuracy Tools E G C

Heteroskedasticity
Test: Breusch–Pagan–

Godfrey
F = 1.80, Prob. = 0.20 F = 3.38, Prob. = 0.10 F = 1.89, Prob. = 0.19

Jarque–Bera statistic 0.48, Prob. = 0.79 0.37, Prob. = 0.83 0.82, Prob. = 0.66

Residual serial
correlation LM tests F = 0.02, Prob. = 0.89 F = 3.27, Prob. = 0.10 F = 10.36, Prob. = 0.01

Chow Forecast Test F-statistic = 0.45, Porb.
= 0.84

F-statistic = 2.50, Porb.
= 0.19

F-statistic = 24.63,
Porb. = 0.004

E, G and C are biofuel consumption, gross domestic product and CO2 emission, respectively.

Graph 6 looked validity by various predicting indicators: Mean Square Error, Alph,
Beta and Gamma equal to 0.79, 0.9, 0.0 and 0.10, respectively. Also, the growth rates of
biofuel consumption equal to 2.40% and 2.80% for the period 2010 to 2023 and prediction
period 2023 to 2035, respectively, ending that there is increasing in biofuel consumption
by 2.80% in Saudi during the forecast period. To ensure model reliability (the Table 19),
residual diagnostic tests specifically serial residual correlation LM tests and the Jarque–
Bera statistic were used. The LM- statistic equals 0.02 with Prob. = 0.89, signifying no
serial correlation. Jarque–Bera statistics equal Chi-sq = 0.48 (prob. 0.79), demonstrating
that the residual is normality distributed. Therefore, the outcomes of model capability
focused to castoff of null hypothesis, no serial correlation and normal distribution of
residuals. Heteroskedasticity statistic Test equals 1.80 with prob. = 0.20, meaning that the
residuals are homoskedastic (constant variance) and the model is well specified in terms
of variance. Reference to structural break tests, Chow Forecast test result F-statistic = 0.45
with Porb. = 0.84 (more than 0.5), justifying the parameter stability. Since, The CUSUM line
stays within the confidence bands, CUCUM curve indicated that the model parameters are
stable over the study period, meaning that on indication of structural breaks (Figure 7).

Figure 7. CUCUM curve (biofuel consumption). Source: Drawn by author.

Also, Figure 8 looked validity by various forecasting indicators: Mean Square Error,
Alph, Beta and Gamma equal to 2.17, 1.00, 0.25 and 0.00, respectively. Also, the growth
rates of gross domestic product equal to 7.50% and 11.00% for the period 2010 to 2023 and
the prediction period 2023 to 2035, respectively, demonstrating that there is increasing gross
domestic product but at decreasing rate (11.00%) during forecast period. This outcome
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harmonized to some extend with prior study in that GDP performance in future will
increased [55]. The authors found that The forecast equal to 1.3% in 2023. To ensure model
reliability (the Table 19), residual diagnostic tests specifically residual normality tests, serial
correlation LM tests, and the Jarque–Bera statistic were used. The LM- statistic equals 3.27
with Prob.= 0.10, signifying no serial correlation. Jarque–Bera statistics equal Chi-sq = 0.37
(prob. 0.83), demonstrating that the residual is normality distributed. Therefore, the
outcomes of model capability focused to castoff of null hypothesis, no serial correlation
and normal distribution of residuals. Heteroskedasticity statistic Test equals 3.38 with
prob.= 0.10, meaning that the residuals are homoskedastic (constant variance) and the
model is well specified in terms of variance. Reference to structural break tests, Chow
Forecast test result F-statistic = 2.50 with Porb. = 0.19 (more than 0.5), justifying the
parameter stability. Since, The CUSUM line stays within the confidence bands, CUCUM
curve indicated that the model parameters are stable over the study period, meaning that
on indication of structural breaks (Figure 9).
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Figure 8. Forecasting graph (GDP in billion $). Source: Drawn by author.

Figure 9. CUCUM curve (GDP). Source: Drawn by author.

Moreover, Figure 10 showed validity by statistics of predicting pointers: Mean Square
Error, Alph, Beta and Gamma equal to 0.58, 1.0, 0.10 and 0.00, respectively. Also, the growth
rates of CO2 equal to 1.90% and (0.95%) for the period 2010 to 2023 and the prediction
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period 2023 to 2035, respectively, finishing that there is increasing in CO2 emissions but at
reducing rate (0.95%) throughout prediction period. This result matched with a previous
study which delivers valuation of Saudi Arabia’s actions to achieve the goal of reaching
net zero emissions by 2060 [56]. This paper delivers valuation of Saudi Arabia’s actions
to achieve the goal of reaching net zero emissions by 2060. Founded on the results, Saudi
Arabia will see a substantial decrease in emissions after 2030, when renewable energy
schemes are finalized. Its exposes that Saudi Arabia will decrease its total net emissions to
49.67 million tons of carbon dioxide equivalent. Jarque–Bera statistics equal Chi-sq = 0.82
(prob. 0.66), demonstrating that the residual is normality distributed. Therefore, the
outcomes of model capability focused to castoff of null hypothesis, no serial correlation
and normal distribution of residuals. Heteroskedasticity statistic Test equals 1.89 with
prob.= 0.19, meaning that the residuals are homoskedastic (constant variance) and the
model is well specified in terms of variance. In addition, Chow Forecast Test statistic equals
24.63 with Prob. = 0.004 (less than 0.05), meaning that there is the significant change in
the relationship between variables during 2016. This result may be reflecting to Launch
of Saudi Vision 2030 and oil price collapse. The CUSUM Square line stays within the
critical bounds, indicating that the model parameters are stable during study period and
suggestion of structural breaks (Figure 11).
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Figure 10. Forecasting graph (CO2). Source: Drawn by author.

Figure 11. CUSUM of Squares (CO2). Source: Drawn by author.
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4. Discussion
This study examines the impact of biofuel consumption on economic growth and

environmental quality. The analysis consists of two parts: the first investigates the cointe-
gration link between biofuel consumption and GDP, while the second assesses the long-
term relationship between biofuel consumption and CO2 emissions. The research also
includes a forecasting component. Data on biofuel consumption, economic growth, and
CO2 emissions were composed from multiple sources covering the period from 1990 to
2023. Engle–Granger cointegration tests confirm the existence of long-term relationships
between biofuel consumption, economic growth, and environmental quality. Estimates
obtained using FMOLS and DOLS methods are consistent with the Engle–Granger results,
thus enhancing the robustness of the findings. The growth rate of biofuel consumption
is estimated at 2.40% for the period 2010–2023 and is projected to rise to 2.80% during
the period 2023–2035. Similarly, GDP growth rates are estimated at 7.50% for the period
2010–2023 and are projected to rise to 11.00% during the forecast period 2023–2035. In
contrast, CO2 emissions grew by 1.90% between 2010 and 2023, but this growth is expected
to slow to 0.95% between 2023 and 2035. These findings suggest that biofuel consumption
is likely to continue expanding at a relatively rapid pace, accompanied by strong economic
growth and slowdown in CO2 emissions. The results highlight the importance of promot-
ing biofuel development and implementing clean energy policies to support sustainable
economic growth while reducing emissions in the long term.
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