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Abstract: Global climate change is a crucial environmental issue. Worldwide warming is primarily caused by carbon
dioxide (CO,) emission levels. Agricultural production is among many economic activities driving CO, creation and
environmental degradation. In this study, we aim to disclose the effect of agricultural production (date production)
on the agricultural gross domestic product (AGDP) and the environment (CO, emissions). We collected data on date
production, AGDP and CO, emissions from different resources covering the period from 1990 to 2019. To analyse the
data, we used the Engle-Granger two-step procedure, autoregressive distributed lag (ARDL) bounds methods of analy-
sis, regression analysis and forecasting tests. Results from fully modified ordinary least squares (FMOLS) and dynamic
ordinary least squares (DOLS) analyses helped confirm the results of the ARDL model. The results revealed that there
are long-run relationships between AGDP and date production and between CO, emissions and date production.
The first result is consequent with theory and leads to economic growth, whereas the second result indicates a nega-
tive effect on the environment. To ascertain which production factors were responsible for this negative result, we ran
a regression analysis, and the results indicated that the coefficient of electricity consumption (independent variable)
was positive and highly significant in explaining the variability of CO, emissions. The results of the regression analysis
also showed that agriculture affected the environment negatively through increasing CO, emissions during the study
period. Forecasting analysis results showed a decrease in CO, emissions for the period from 2020 to 2026. The study re-
sults lead us to recommend that, to increase economic growth, date production should be increased along with the
synchronised use of renewable sources of electricity. The governmental effort to sustain the environment also should
be increased and continued through increasing the share of renewable electricity in total electricity consumption.

Keywords: CO, emission; date production; econometric analysis; electricity consumption; forecasting analysis; impulse
test

Climate change is an important environmental issue ~ (Talbi 2017). Many economic activities have driven CO,
worldwide (Tiba and Anis 2017). International warming  creation. Agricultural production is one of the activities
mainly comes from carbon dioxide (CO,) emissionlevels ~ which leads to environmental degradation (Ahmad and
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Shoukat 2020). Biomass fuel burning, deforestation and
brush burning are considered unmaintainable agricul-
tural activities which can result in environmental deg-
radation (Matysek et al. 2019). Biomass fuel burning
comes from irrigation directly or indirectly from water
desalination and treated wastewater. However, agri-
culture can play a vital role in reducing CO, emissions
through the use of improved agricultural activities,
such as using organic fertiliser (Poeplau and Axel 2015).
Worldwide and in the Kingdom of Saudi Arabia (KSA),
the release of CO, emissions equals 492 145.2 tons and
11 293.6 tons, respectively, coming from on-farm en-
ergy use (FAO 2019b).

Date production in the KSA. A key driver of crop
production in the KSA is the date palm (Phoe-
nix dactylifera) (Aleid et al. 2015). It is cultivated
on 1 396.727 ha, with a universal yearly production
of 9 248.033 tonnes (Mohammed et al. 2021a). In the
KSA, it is grown on 136 992 ha with a yearly produc-
tion of 1 539.756 tonnes (FAO 2022). In addition, in the
KSA, the percentage of the harvested area of date
palm (ha) and quantities produced of dates (tonnes)
constitute 33.2% and 27.4% of total crop production
(primary), respectively (FAO 2022). Date palms also
account for 75% of fruit production in the country (EIf-
eky and Elfaki 2019).

Cultivation of date palms in the KSA involves many
steps, including fertilisation, irrigation, and pest con-
trol (Aleid et al. 2015). The amount of irrigation wa-
ter required for 100 date palms per ha ranges from
7 299 m>/ha to 9 495 m3/ha (Mohammed et al. 2021b).
The sources of water for agriculture are desalinated wa-
ter, surface water, advanced treated water, and ground-
water (Napoli and Garcia-Téllez 2016). Because of the
scarcity of good quality water, saline water is used
in date palm irrigation because of the general idea that
the date palm is a salt-tolerant tree (Elfeky and Elfaki
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2019). Generally in irrigation, energy plays a vital role
in the extraction, treatment and transportation of wa-
ter (Napoli and Garcia-Téllez 2016). Approximately 80%
of the energy consumed is created by the burning of fos-
sil fuels, which increases pollution (Tlili 2015). The KSA
depends on fossil fuels to produce electricity and fresh
water through desalination (Chandrasekharam et al.
2015). The desalination process results in substantial
emissions of CO, (Ghaffour et al. 2014); therefore,
CO, emissions are closely connected to the electric-
ity produced from the fossil fuels used for desalination
(Chandrasekharam et al. 2015). Hence, biomass fuel
burning derives from irrigation directly or indirectly
from water desalination and the treatment of wastewa-
ter. Biomass fuel burning can also cause environmental
degradation. In the KSA, the interval for applying fertil-
iser varies considerably among farmers and ranges from
one to three years. Generally, manure fertiliser is used
in date production, with limited quantities of inorganic
fertiliser, which is applied in some areas such as Al Ma-
dinah and Al-Hasa (Abdul-Baki et al. 2002). Al-Wijam
disease and the red palm weevil [Rhynchophorus fer-
rugineus (Olivier)] are the major disease and pest, re-
spectively, affecting date palms in the KSA (Alhudaib
et al. 2007). Controlling the red palm weevil by using
insecticides harms the environment and human health,
so biological control is considered through using natu-
ral enemies (Alanazi 2019).

The KSA's efforts to sustain the environment.
The KSA is conducting various efforts to sustain the
environment, such as introducing renewable energy
and the Circular Carbon Economy National Program.
Figure 1 shows that there is an increase in the share
of 1 000 renewable energy sources to total energy
consumption, from 0.001% in 2011 to 0.087% in 2019
(Ritchie et al. 2020). The KSA launched the Circular
Carbon Economy concept during a G20 meeting, and

Figure 1. Percentage of renewable
electricity to total electricity con-
sumption
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Source: Author calculations based
on Ritchie et al. (2020)
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the G20 countries approved it as a combined, complete
framework for reducing greenhouse gas emissions
through four main strategies: reduce, reuse, recycle and
remove. These four strategies are in line with Saudi Vi-
sion 2030's ambitious programs, which aim at achiev-
ing social transformation. Implementation of the KSA
Circular Carbon Economy National Program includes
technological localisation and advancement. This pro-
gram aims to attain sustainable social and economic
growth, promote integrated climate change solutions
and ensure global leadership in the field of the circular
carbon economy.

To protect the environment, the KSA instituted a sus-
tainable development program to decrease irrigation
losses of water, nurture water efficiency and use agro-
nomic tools (Zaharani et al. 2011). The KSA is charac-
terised by very little rainfall, and only 2% of the country's
total area is arable land for the production of dates and
fruits. The KSA has more than 400 date palm varieties
that occupy approximately 12% of the total area culti-
vated (FAO 2019a). The cultivation of date palms and
their growth and fruiting regimens are adaptable to the
local climates of seven provinces (Rahman et al. 2014).
In 2019, the cultivated area and total production quan-
tities of dates equalled 117 881 ha and 1 539.756 tonnes,
respectively, in the KSA (FAO 2019a).

Emam et al. (2021) aimed to measure the effect
of some economic variables on the agricultural gross
domestic product (AGDP). They conducted their study
in the KSA and designed it to assess the relationships
among selected agricultural products (dates, honey,
fish, chicken, and cattle) and AGDP. The data covered
the period from 1985 to 2017 and were analysed us-
ing the Johansen cointegration test and vector error
correction, and multiple regression models. The results
revealed long-run cointegration between selected vari-
ables and short-run causality between a few variables
and the presence of positive and significant association
among the AGDP (dependent) and the independent
variables, except fish and dates.

Ahmed and Walid (2018) tested the relationship be-
tween the agricultural share of gross domestic product
(GDP) and agricultural exports. They analysed the data
by using the Johansen method and error correction
model (ECM)-generalised autoregressive conditional
heteroscedasticity. They discovered long-run and short-
-run relationships between the variables under study.
The study results also revealed that agricultural exports
positively influenced the agricultural share of the GDP.

Muhammed and Alhiyali (2018) designed a study
of stimulating growth in the Iraqi agricultural sector.

382

https://doi.org/10.17221/58/2022-AGRICECON

The research was based on quantitative multivariate
cointegration using the autoregressive distributed lag
(ARDL) model and the test of causality for determining
the direction of the relationships between the economic
variables. Their results showed the long-term effect be-
tween the agricultural GDP index and the other eco-
nomic variables under study.

Investigators in various studies assessed the ef-
fect of agricultural activity on the environment in terms
of CO, emissions. These studies' results are not in agree-
ment; some indicated that there is a direct relationship
between agricultural production and environmental pol-
lution, thus strengthening the case for climate alteration
(Ozkan and Omer 2012; Bakhtiari et al. 2015; Asumadu-
-Sarkodie and Owusu 2016), and others indicated an in-
verse relationship (Pant 2009; Edoja et al. 2016).

Khan et al. (2018) examined the associations among
agricultural productivity, energy consumption, forest
area, vegetable area, renewable energies, and CO, emis-
sions during the period from 1981 to 2015. Their re-
sults showed causality between the variables and
CO, emissions.

Asumadu-Sarkodie and Owusu (2017) tested the
causality relationship between the agricultural ecosys-
tem and CO, emissions during the period from 1961
to 2012. They noted bidirectional causality between
study variables.

Ullah et al. (2018) examined the agricultural eco-
system and climate change in Pakistan. They used
Johansen cointegration and autoregressive tests
as methods of analysis. Their results indicated a long-
run relationship between that agricultural system and
CO, emissions. In addition, the results showed that
energy consumption, use of fertilisers, agricultural
production and agricultural machinery encouraged
an increase in CO, emissions. They found bidirectional
causality between CO, emissions and rice production.

Asumadu-Sarkodie and Owusu (2016) examined
the relationships among CO, emissions (dependent
variable) and the total production of roots and tu-
bers, annual change of agricultural area, total livestock
per change in area, total production of primary veg-
etables, total production of pulses, total production
of coarse grain, cocoa bean production and total fruit
production (independent variables). Regression analy-
sis results showed that all variables, except vegetable
production, affected CO, emissions.

Bakhtiari et al. (2015) used the Cobb-Douglas func-
tion to look at the associations among CO, emissions,
saffron production, and energy. The results revealed
that saffron production increased CO, emissions.
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Waheed et al. (2018) examined the effects of agri-
cultural production, forests, and renewable-energy
consumption on CO, emissions in Pakistan. The data
covered the period from 1990 to 2014 and were ana-
lysed with econometric analysis methods. The results
indicated that agricultural production was the main
cause of CO, emissions.

Asumadu-Sarkodie and Owusu (2017) tested the as-
sociations among livestock production index, crops,
and CO, emissions. They used ARDLs and variance
decomposition to analyse the data. The results re-
vealed that the livestock production index and crop
production had a positive and direct relationship with
CO, emissions.

Dogan (2018) examined the long-run associations
among real income, energy consumption and agricul-
tural production under the hypothesis of the environ-
mental Kuznets curve in China. The data covered the
period from 1971 and 2010 and were analysed using
the ARDL model. The results showed the presence
of a long-run relationship between agricultural pro-
duction and CO, emissions. These results were con-
firmed by using fully modified ordinary least squares
(FMOLS), dynamic ordinary least squares (DOLS)
and canonical cointegrating regression. Hence, these
results showed cointegration between series, indicat-
ing the existence of an inverse U-shaped agriculture-
-induced environmental Kuznets curve.

With reference to these previous studies, we found
the importance of our study objectives. In this study,
we aimed to test the effects of agricultural production
on economic growth and the environment (CO, emis-
sions). In other words, we aimed to examine the effect
of agricultural production on economic growth and,
at the same time, test the effect of agricultural produc-
tion on the environment.

In the KSA, the date palm occupies approximately
12% of the total area cultivated, and date production
quantities accounted for approximately 27% of total ag-
ricultural production, indicating that date production
constitutes more than one-fourth of total agricultural
production (FAO 2019a). Because of the scarcity of wa-
ter in the KSA, date palm irrigation depends mainly

Table 1. Variables description

on underground water, desalinated water, and treated
water (Elfeky and Elfaki 2019). Generally, the date palm
tree produces approximately 40 kg of burnable waste,
including dried leaves, spathes, sheaths, and petioles
annually (Mallaki and Rouhollah 2014), which is why
we selected date production as a variable in this study.

MATERIAL AND METHODS

Data description

Date production (tonnes), AGDP (1 000 riyals =
= USD 266.06), CO, emissions (kilotonnnes) and elec-
tricity consumption (EL) (GWh) are the study variables.
We collected the data for this study for the period from
1990 to 2019 from different sources. We analysed the
data by using the EViews 9 program. Table 1 summa-
rises information about the series.

Analysis methods

Cointegration tests. Choosing appropriate methods
for testing a long-run relationship requires specifying
the order of integration, as clarified later. The order
of integration was specified by using a unit root test
(Emam 2020).

Unit root test. According to the following equa-
tions, we used an augmented Dickey-Fuller (ADF) test
for the order of integration of the series (Dickey and
Wayne 1979):

AX,=Cpy+ blxt—l"' E, (1)

AX;=Cp+ B+ by X, 1+ Ep (2)

where: by, b, — ADF coefficients to be valued; p — trend;
C — constant; ¢ — time selected; E, — error term.

In testing null hypothesis, X has a unit root against
alternative hypothesis, and X has a stationary. If the
t-statistic of the ADF coefficient is larger than ¢ critical
values, the series are stationary.

ARDL model bounds test. We used the ARDL model
test to assess long-run relationships between the series

Variable description Variable Unit Sources
Agricultural gross domestic product AGDP 1 000 riyals = USD 266.06 World Bank (2022a)
CO, emission Cco, kilotonnne FAO (2019b)
Dates production dates tonne FAO (2019a)
Electricity consumption in commercial sector EL GWh World Bank (2022b)
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under study. Moreover, this test is regarded as superior
to other related tests; it is efficient for small samples
using ordinary least squares, regardless of the series
order 1(0) and 1(1) but not 1(2). The method uses the
following equations (Pesaran et al. 2001):

p
AX, =Ci+ ) a)AY, 1+ b X, 1+ b,Y, 1 +e (3)
i1

p
AY, =Cy+ ) aAX,  +b5Y, 1+ b X,  +e (4)

-1
where: a,, a, — coefficients of the difference of lag
independent variable in Equations (3, 4), respectively;
b, by — coefficients of lag dependent variable in Equa-
tions (3, 4), respectively; b,, b, — coefficients of inde-
pendent variable in Equations (3, 4), respectively; e;, e,
— error terms in Equations (3, 4), respectively.

ARDL tests the presence of long-run connections
between the series wherever there is acceptance of the
null hypothesis, which indicates that there is no long-
-run relationship: For null hypothesis, b, = b, = 0 [Equa-
tion (3)] against the alternative hypothesis b, = b, = 0.
We also ran the same test for Y as an independent vari-
able with the null hypothesis b, = b, = 0 [Equation (4)]
against the alternative hypothesis b, = b, = 0.

To examine the stability of the ARDL model esti-
mates, we used the cumulative sum (CUSUM) method
(Pesaran and Pesaran 1997). A residual within the 5%
critical boundaries indicates that, at the 5% level of sig-
nificance, the estimated coefficients are stable. Equa-
tions (3, 4) have lower and upper bounds (two critical
F-values) conforming the integrated order 1(0) and
1(1) of the variables, respectively (Pesaran et al. 2001).

To confirm the results of ARDL statistics, we used
FMOLS and DOLS models (Ahmad et al. 2017).
The FMOLS and DOLS model results provide fair val-
uations of long-run associations among the variables
under study. Also, the methods are considered to cor-
rect serial correlation problem when occurred between
a variable with its lag.

Engle-Granger test. Running the Engle-Granger test
requires performing the first unit root test to specify
the series order of integration [same order of inte-
gration 1(1)]. Examining whether the two series are
cointegrated with each other requires performing the
Engle-Granger two-step procedure on the two series
jointly. The procedure involves the followings steps:

i) The first regression equation is as follows:
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X,=a,+b,Y,+z (5)
where: z, — error term; b, — slope coefficient estimate.
Y,=a,+bX, +1i, (6)
where: i, — error term; by — slope coefficient.

i) An ADF test is run on the residuals (z, and i,) to in-
vestigate whether the series are integrated. If the
ADF statistics resulting from the Equations (5, 6)
are larger and more negative than the critical ¢-value
(of order 1), then coefficients b, and b, are expected
to be statistically significant and the series are coin-
tegrated. If the results of the ADF and Engle-Granger
two-step procedure tests prove that each series is 1(1)
and that the linear combination of them is 1(1), then
the two series taken together are said to be cointe-
grated of order 1(1).

ECM test. If the cointegration test shows long-
-run associations among the series, the ECM test can
be used to assess the speed parameter of the short-run
association between the two series (Venujayakanth
et al. 2017). The following are the ECM equations:

A(logCOz ) = Ab9(1°gC02 )t—l +

7
+ Abyy(logdates), | + b, U, +V; @

A(logdates) = Abyy(logdates),  +

= 8
+ Aby,(log CO, )H +b,U,+V, ®

where: by, b,, — coeflicients of difference of lag depend-
ent variable; b,,, b,; — coefficients of difference of lag
independent variable; b,,, b,, — speed of adjustment
(must be significant and negative to correct model
disequilibrium); dates — date production quantities;
CO, — CO, emission; U;; U, — error correction terms;
V,, V, — error terms.

We checked ECM feasibility by testing residual diag-
nostic tests. We performed the tests as described next.

Heteroscedasticity test. In the Breusch-Pagan-God-
frey test, the null hypothesis is homoscedasticity, and
the alternative hypothesis is heteroscedasticity. Accept-
ance of the null hypothesis when the P-value is more
than 0.05 means that the residual is homoscedastic.

Residual normality test. When the probability of the
Jarque-Bera statistic is more than 0.05, then the residual
is normally distributed. The results of ECM feasibility are
then acceptable for conducting the forecasting analysis.
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We also used the impulse response test to ascertain
the dynamic behaviour of vector autoregression mod-
els and to define the model response to a shock in one
or more variables (Liitkepohl 2010).

Regression analysis method. We used regression
analysis to evaluate the effect of KSA EL, insecticide
and fertiliser (as nutrients) on KSA CO, emissions, but
the regression model and coefficients of insecticide and
fertiliser appeared unstable and nonsignificant, respec-
tively. Accordingly, we used EL as the variable as follows:

InCO, = ¢ + B,InEL 9)

where: B — coefficient to be estimated; ¢ — constant;
EL — electricity consumption.

We conducted a CUSUM test to detect the stabil-
ity of the CUSUM of the recursive residuals. The test
is used to indicate parameter stability if the CUSUM
found is inside the area between the two critical lines,
indicating the stability of the model. Given these re-
sults, we used a linear regression model. The results
suggested that the estimated model was significant,
and we used them to estimate the contributions of the
independent variable (EL) on CO, emissions.

Forecasting analysis

We used the ECM for forecasting analysis with
CO, emissions as the dependent variable. We assessed
the viability of the forecasting result with the root
mean square error. A smaller root mean square error
means a better forecasting result.

We also calculated the growth rate of CO, emissions
for the period from 1990 to 2019 and for the forecasting
period from 2020 to 2030. We used the following equa-
tion to calculate the growth rate of CO, emissions:

Y Y

year — * year—1

Y.

year—1

G,= (10)
where: G, — growth rate between two successive years;
Y - CO, emissions.

We calculated the growth rate of CO, emissions for
the period from 1990 to 2019 and for the period from
2020 to 2030 as follows:

(Gt+GH1+...+G,,)
Gy 0= N

(11)

where: N — number of years; G, , — growth rate for

ey

a specific period.

RESULTS AND DISCUSSION

The study was designed to assess the effect of date
production on economic growth and the environment.
Consequently, it consists of two parts — one concern-
ing the effect of date production on economic growth
(AGDP) and the other concerning the effect of date
production on the environment (CO, emissions).

Part one: Cointegration test analysis results (AGDP
and date production)

Results of the unit root tests. We used a root test
to analyse the stationary order of series of AGDP and
date production. The ADF statistics were significant
at the 1% level and first difference for date production
and AGDP variables, respectively (Table 2). These re-
sults indicate that the two series are stationary at 1(0)
and 1(1), respectively. Consequently, the two series did
not have the same stationary order [1(0) and 1(1)]. Ac-
cordingly, we used the ARDL bounds test to evaluate
the relationship between the two series.

Results of the ARDL tests. Table 3 presents the re-
sults of the ARDL tests. We used the Jarque-Bera
test, Breusch-Pagan-Godfrey heteroscedasticity test
and Breusch-Godfrey serial correlation Lagrange mul-
tiplier (LM) test to produce the ARDL model adequacy
residual diagnostics. The results did not show heterosce-
dasticity and serial correlation. We also ran a CUSUM
test for stability diagnosis (Zhai et al. 2013). The test
results showed the stability of the CUSUM of the re-
cursive residuals, indicating the strength of the model
(Figures 2, 3).

Table 4 shows the bound test results for the two
ARDL models. For model 1, the bound examined the
F-test for the coefficients of AGDP (one lag period) and

Table 2. Results of unit root test

Time series Intercept ;Etleif:f;; Stationarity
At level

InAGDP -1.52 —4.09**  non stationary
InCO, -2.15 -2.14 non stationary
Indates -0.87 -3.19 non stationary
At first difference

InAGDP —3.49** —3.52%** stationary
InCO, —4.50* —-4.46* stationary
Indates -7.77* -7.66* stationary

*, **, ***Significance level at 1, 5, and 10%, respectively;
AGDP - agricultural gross domestic product
Source: Author calculations based on collected data

385



Original Paper

Agricultural Economics — Czech, 68, 2022 (10): 380-392

https://doi.org/10.17221/58/2022-AGRICECON

Table 3. Results of autoregressive distributed lag (ARDL) tests

Model Independent variable Coefficient Probability

InAGDP (-1) 0.880 0.000

Indates -0.070 0.078

Indates (-1) -0.010 0.803

Indates ) 0.002 0.957

Model 1 Indates (-3) 0.030 0.484

InAGDP Indates (—4) 0.170 0.000

(dependent variable) C —0.460 0.114
Selected ARDL model (1, 4) R 0.990 —
Adjusted R? 0.993 -

F-statistics 588.660 0.000

Serial correlation LM test: Breusch-Godfrey 0.890 0.360

Breusch-Pagan-Godfrey heteroskedasticity test 0.540 0.770

Indates (-1) 0.400 0.056

Indates (-2) 0.360 0.088

InAGDP —-0.840 0.319

InAGDP (-1) ~0.140 0.917

fﬂsdel 2 InAGDP (-2) 1.160 0.174

(gegzlsdent variable) ¢ 1490 0.265
Selected ARDL model (1, 0) R? 0.850 -
Adjusted R? 0.810 -

F-statistics 24.320 0.000

Serial correlation LM test: Breusch-Godfrey 1.750 0.200

Breusch-Pagan-Godfrey heteroskedasticity test 0.740 0.600

AGDP - agricultural gross domestic product; LM — Lagrange multiplier; C — constant

Source: Author calculations based on collected data

date production (independent variable). In model 2, the
bound examined the F-test for the coefficients of date
production (one lag period) and AGDP (independent
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Figure 2. Stability diagnostic (InAGDP as dependent
variable)

AGDP - agricultural gross domestic product; CUSUM
— cumulative sum

Source: Author calculations based on collected data
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variable). The F-statistics are 23.39 and 3.77 for mod-
els 1 and 2, respectively, which are higher than the up-
per bound of the bounded critical F-statistics at 1% and
10%, respectively, indicating that there was a long-run
relationship between AGDP and date production dur-
ing the study period. This result coincided with those
of a previous study (Emam et al. 2021) which also in-
dicated that there is a long-run relationship between
AGDP and date production.

To confirm the strength of the ARDL estimations,
we used FMOLS and DOLS models. Table 5 shows that
the FMOLS and DOLS results are parallel to the ARDL
estimation. Date production has a positive coefficient
and is highly significant at the 1% level, indicating the
positive effect of date production on AGDP. This con-
firmatory result coincides with those of a study by Dogan
(2018), who found a long-run relationship between ag-
riculture and CO, emissions by using ARDL and con-
firmed those results with FMOLS and DOLS models.
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Figure 3. Stability diagnostic (Indates as dependent
variable)

CUSUM - cumulative sum
Source: Author calculations based on collected data

Part two: Cointegration test analysis results (CO,
emissions and date production)

Results of the Engle-Granger test. The ADF statis-
tics were significant at the 1% level for date produc-
tion and CO, emissions. As the two series had the same
stationary order 1(1), we used the Engle-Granger test
to evaluate the relationship between the series.

We conducted the ADF tests on the residuals (i,) and
(z,) in Equations (3, 4), respectively (Table 6). Table 6
shows that the ADF statistics are negative (—5.046 and
-5.047) and statistically significant at the 1% level.
These results led to an acceptance of the alternative
hypothesis of integration, indicating that CO, emis-

Table 4. Results of bounds test: Autoregressive distributed
lag (ARDL)

Dependent—independent F-statistic of bound test

InAGDP-Indates 23.39
Indates—InAGDP 3.77
Significance 1% 5% 10%
Lower bound 4.94 3.62 3.02
Upper bound 5.58 4.16 3.51

AGDP — agricultural gross domestic product
Source: Author calculations based on collected data

Table 5. Long-run evidence

AGDP (dependent variable)

Indates

ARDL
0.174*

FMOLS DOLS
0.170* 0.174*

*Significance level at 1%; AGDP — agricultural gross domes-
tic product; ARDL — autoregressive distributed lag; FMOLS
— fully modified ordinary least squares; DOLS — dynamic
ordinary least squares

Source: Author calculations based on collected data

sions and date production have a long-run relationship,
which is compatible with results from previous studies
indicating that there is a long-run relationship between
agricultural production and CO, emissions (Asumadu-
-Sarkodie and Owusu 2017; Waheed et al. 2018).

Resultsofthe ECM. We performed ECM tostrengthen
the result of the long-run relationship and to assess
short-run associations among variables. Conducting
ECM requires that the lag must be identified (Table 7).
From Table 7, lag 2 was specified. To strengthen the
result of a long-run relationship between CO, emis-
sions and date production, which we obtained from the
Engle-Granger test, we ran ECM (Table 8). The coefti-
cient of adjustment for CO, emissions (as a dependent
variable) was negative (-0.490) and significant (criti-
cal t-value, -2.66), meaning that the model was able
to correct its past time disequilibrium. Also, the results
suggest that the coefficients of adjustment for date pro-
duction (as a dependent variable) were not statistically
significant, indicating that the model may need more
than one year to produce its preceding time imbalance
accurately. To verify vector ECM adequacy, we used
serial correlation of residual LM and residual hetero-
scedasticity tests. LM statistics for lag 1 and lag 2 were
1.21 with a probability of 0.88 and 5.10 with a probabil-
ity of 0.28, respectively, indicating no serial correlation.
A x? of 59.49 with a probability of 0.49 does not indicate
heteroscedasticity. These results of model adequacy led
to the acceptance of the null hypothesis, no serial cor-
relation of residuals and no heteroscedasticity.

In addition, we ran an impulse test to ascertain the
leading series that considerably affects the other long-
-run series (Figure 4). The responses of CO, emissions
and date production to the Cholesky one standard
deviation (SD) innovation are presented in the Fig-
ure 4 (impulse response). The Figure 4 shows that date
production had a positive response in the long-run
to CO, emissions, indicating that date production can
be considered the leading variable. This result coincides
with those of prior studies (Holly 2015; Asumadu-
-Sarkodie and Owusu 2017; Waheed et al. 2018).
The study results indicated that agricultural practices
positively affected CO, emissions.

Table 6. Cointegration test — Engle-Granger test results

Dependent Indates InCO,
InCO, ~5.046* -
Indates - —5.047*

*Significance level at 1%
Source: Author calculations based on collected data
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Table 7. Lag selection
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Lag logL LR FPE AIC Ne HQ
0 24.48 NA 0.0007 -1.61 -151 ~1.58
1 55.10 54.69 0.0001 -3.51 -3.22 -3.42
2 61.92 11.20° 8.47e-05° -3.71° -3.23° -3.56°

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

Source: Author calculations based on collected data

Table 8. Results of ECM

Error correction InCO, Indates
CointEql ~0.49 [-2.66] 0.10 [0.27]
InCO, (~1) 0.33 [1.65] ~0.57 [-1.43]
InCO, (-2) 0.17 [0.70] 0.36 [0.76]
Indates (1) ~0.04 [-0.35] ~0.35 [-1.55]
Indates (~2) ~0.05 [-0.49] ~0.20 [-0.95]
C 0.001 [ 0.08] 0.056 [1.98]
ECM residual serial correlation LM tests

lags LM statistics probability
1 1.21 0.88

2 5.09 0.28
VEC residual heteroskedasticity tests

X probability
59.49 0.49

Numbers in square brackets represent critical ¢-values; LM
— Lagrange multiplier; CO, — CO, emission; dates — date
production; C — constant; ECM — error correction model;
VEC — vector error correction; CointEql — error correction
term — co-integrated Equation (1)

Source: Author calculations based on collected data

Part three: Regression analysis results (CO, emis-
sions and EL)

We ran the regression analysis to shed light on the
effectors of increasing CO, emissions. The analy-

0.14
~0.124
0.104
0.08 1
0.061
0.041
0.02 1
0.00 T T T T T T T T T

Indates and InCO.

Years

—— Co,

dates

Figure 4. Response of dates to Cholesky one SD innovations

Source: Author calculations based on collected data
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sis results are presented in Table 9. We used differ-
ent scenarios to find a stable model. Table 9 showed
no autocorrelation between successive values of the
disturbance term, which has a constant variance (ho-

Table 9. Results of regression analysis (InCO, as depend-
ent variable)

Variable Coeflicient  t-statistic ~ Probability
LnEL 0.40 5.52 0.0006
C 3.93 5.14 0.0009
R 0.79 -
Adjusted R? 0.77 -
F-statistic 30.47 0.0006
(atocortlston 299 -
LM-statistics

(Breusch-Godfrey 117 0.3700

serial correlation
of residual)

LM - Lagrange multiplier; EL — electricity consumption
Source: Author's calculations based on collected data

10.0

7.5
5.0
2.51

0.0

CUSUM

—2.51
—5.0
—7.57

-10.0

2012 2013 2014 2015 2016 2017 2018 2019
— CUSUM 5% significance
Figure 5. Stability diagnostic (InCO, as dependent variable)

CUSUM - cumulative sum
Source: Author calculations based on collected data
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Figure 6. Forecasting graph

Source: Author calculations based on collected data

moscedastic). To test the model's stability, we con-
ducted a CUSUM test to detect the stability of the
CUSUM of the recursive residuals (Figure 5). Conse-
quently, we used a regression model to estimate the
influences of EL (independent variable) on CO, emis-
sions. The R? value in the Table 9 indicates that 79%
of the variations in CO, emissions are caused by EL.
Also, the values of the F-statistics demonstrate a highly
significant level for the model. The coefficients of EL
(independent variable) are positive and highly signifi-
cant in explaining the variability of CO, emissions,
indicating that EL affects CO, emission accumulation.
This result coincides with the theoretical notation.
Based on Equation (11), a 1% increase in EL will in-
crease CO, emissions by 0.40%. This result agrees with
those of Raggad (2018), which showed that energy use
has a positive effect on CO, emissions.

The following is the estimated equation:
InCO, = 3.93 + 0.40InEL (12)
Part four: Forecasting analysis result

Figure 6 shows the forecasting graph; the blue and
red parts reflect the actual CO, emissions for the pe-
riod from 1990 to 2019 and the forecast period from
2020 to 2026, respectively. Also, the growth rates
of CO, emissions were 0.000157 and —-0.091 for the pe-
riod from 1990 to 2019 and the forecast period from
2020 to 2030, respectively, indicating that CO, emis-
sions decreased (-0.091) during the forecast period.

This result may be due to governmental efforts to sus-
tain the environment.

CONCLUSION

In this study, we aimed to assess the effect of agricul-
tural production (date production) on economic growth
(AGDP) and the environment (CO, emissions). We col-
lected data on date production, AGDP and CO, emis-
sions from different sources covering the period from
1990 to 2019. The ARDL bounds revealed that there
are long-run relationships between AGDP and date
production and that date production has a positive sig-
nificant effect on AGDP, indicating that date produc-
tion enhances economic growth. The Engle-Granger
two-step procedure results showed the long-run rela-
tionship between date production and CO, emissions.
ECM showed the model has the ability to restore its
long-run equilibrium and short-run relationship, with
CO, emissions as a dependent variable. The impulse
test results showed that date production had a posi-
tive long-run relationship to CO, emissions, indicat-
ing that date production can be considered the leading
variable. To strengthen the results of the relationship
between AGDP and date production, we assessed the
diagnosis stability of long-run and short-run relation-
ships. The FMOLS and DOLS model results were also
compatible with the results of the ARDL model. The re-
sults related to date production and AGDP validate
the theory and lead to economic growth, whereas date
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production appeared to influence CO, emissions posi-
tively, indicating that date production negatively af-
fected the environment. In addition, the results of the
regression analysis showed that the EL coefficient (in-
dependent variable) was positive and highly significant
in explaining the variability of CO, emissions, indicat-
ing that EL has been a driving force in the production
of CO, emissions. The results of the regression analy-
sis indicated that agriculture affected the environment
negatively through increasing CO, emissions during
the study period. The growth rates of CO, emissions
were 0.000157 and -0.091 for the period from 1990
to 2019 and the forecast period from 2020 to 2030,
respectively, indicating that CO, emissions decreased
(-0.091) during the forecast period. Given the study's
results, we recommend that date production should
be enriched to enhance economic growth at the same
time as enhancing the use of renewable electricity. Also,
the governmental effort to sustain the environment
should be increased and continued through increasing
the use of renewable energy.
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