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Abstract:

This study aimed to analyze the time series of carbon dioxide (CO;) emissions from energy in
Algeria during the period 19802023 and forecast them using the Box-Jenkins methodology. To achieve
this objective, a descriptive-analytical approach and an econometric approach were employed, with the
assistance of the statistical program EViews-10. The results revealed that the time series under study
became stationary at the second difference. The best model among the selected models was identified
as ARIMA model (0,2,1), which was used to forecasting future CO, emissions for the period 2024—
2030. The forecasting results indicated that the expected volume of emissions would range between
approximately 351.9064 and 389.9539 million tons during the forecast period. Furthermore, the results
showed that CO, emissions in Algeria are projected to follow an upward trend during the forecast period
(2024-2030), driven by the ongoing increase in investment projects and economic expansion. This, in
turn, leads to excessive use of energy resources, resulting in higher levels of toxic emissions, particularly
COs,.
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INTRODUCTION:

The process of forecasting macroeconomic variables such as inflation, growth,
unemployment, energy, carbon dioxide (CO;) emissions, and others, is critical. It requires the
use of specific statistical methods, as well as the continuous development of forecasting tools
and techniques to improve accuracy in an ever-changing economic environment.Like all
economic phenomena, forecasting CO2 emissions is of great importance in combating climate
change, promoting innovation in clean energy, and directing investments toward sustainable
solutions. Additionally, it can be an essential tool for planning and controlling these emissions,
reducing future environmental and economic risks.

Forecasting of carbon dioxide (CO;) emissions from energy in Algeria is of great
importance, especially in light of the environmental and economic challenges it faces, as well
as its international commitment to achieving climate change goals and reducing environmental
pollution. This is particularly relevant as Algeria is one of the countries producing oil and gas,
with a heavy reliance on fossil fuels. Therefore, CO, emissions from various sectors such as
energy, transportation, and industry represent a significant part of the environmental challenges
that require continuous monitoring and analysis.

Moreover, Algeria’s CO, emissions index has witnessed a continuous increase the period
from 1990 to 2022, which led the Algerian government to comply with international agreements
and implement future development plans while considering the reduction of negative
environmental impacts and contributing to the reduction of these emissions, especially in recent
years. Based on the predictions of CO, emissions, the government can make decisions to
improve energy efficiency and develop renewable energy sources such as solar and wind.

In this context, most economic studies have turned to the use of econometric models and
time series models to forecast the future trajectory of economic phenomena. One of the most
important time series methodologies is the Box-Jenkins methodology, which relies on using
sequentially collected time series data over a specific period and analyzing its components for
forecasting.

Research Problem :

This research paper addresses the construction of an accurate econometric model that can
predict and forecast the behavior and trends of the time series for CO, emissions up to 2030
horizon using the Box-Jenkins methodology. Therefore, the following problem statement is
formulated :

How can the Box-Jenkins methodology be used to forecast carbon dioxide (CO,)
emissions from energy in Algeria up to 2030 horizon ?

Based on this, the following hypotheses are formulated to answer the research question:
Hypothesis 1: The time series of carbon dioxide (CO,) emissions from energy in Algeria
(ECO,) during the period 1990 to 2023 is considered a non-stationary (unstable) time series.
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Hypothesis 2: The Autoregressive Integrated Moving Average (ARIMA) model is the most
suitable model among the Box-Jenkins models to describe the data of carbon dioxide (CO5)
emissions from energy time series.

The study aimed to explore the Box-Jenkins methodology and utilize it to predict carbon
dioxide (CO,) emissions in Algeria up to the year 2030. To achieve this objective and address
this topic, a descriptive-analytical approach was used to study the development of carbon
dioxide (CO,) emissions from energy in Algeria. Additionally, the econometric approach was
applied through the implementation of the Box-Jenkins methodology to forecast the volume of
carbon dioxide emissions up to 2030 horizon, relying on annual data from 1980 to 2023 and
utilizing the statistical programs EViews-10.

Although the topic is not new, studies addressing it in Algeria using the proposed Box-
Jenkins methodology remain limited. Among these studies is research conducted by HADJ
Khelifa (2021), where the researcher employed the Box-Jenkins methodology and proposed
the construction of a hybrid econometric model in the form of ARIMA(1,1,7)-GARCH(1,1)
to forecast carbon dioxide (CO2) emissions in Algeria. Additionally, the researcher estimated
the annual forecast of carbon dioxide emissions for the period spanning 2019-2025, which
showed a continuous increase. (HADJ , 2021)

We also find a study conducted by AYAD Hicham and CHENINI Moussa (2019), in
which the researchers attempted to analyze the relationship between energy consumption,
economic growth, and carbon dioxide emissions in Algeria during the period from 1970 to
2017, using the VAR model. The researchers concluded that there is no cointegration between
the study variables, and it was found that carbon dioxide emissions are primarily driven by
economic growth and energy consumption. (AYAD & CHENINI, 2019)

The study conducted by Tingxin Wen and his colleagues (2023) aimed to identify the
factors influencing carbon dioxide emissions in China and to predict future trends based on
these factors. The results of the study showed that the ARIMA + LSTM model was more
accurate in predicting the trends of carbon dioxide emissions and in classifying the factors
affecting these emissions in each of the specified regions of China. Additionally, the ARIMA
+ LSTM model was used to forecast future carbon dioxide emission trends in the eastern,
central, and western regions of China, with the aim of enabling China to take the necessary
measures to reduce carbon dioxide emissions (Tingxin , Yazhou, Yun , & Haoyuan, 2023, p. 2)

1- Theoretical framework of the study:

In the era of economic globalization and rapid technological advancement, issues related
to carbon dioxide (CO,) emissions and climate change have emerged as critically important
topics, attracting the attention of both researchers and governments due to their severity.
Massive carbon dioxide emissions exacerbate the greenhouse effect, necessitating strong and
effective measures to ensure the achievement of sustainable global development. According to
the Intergovernmental Panel on Climate Change (IPCC), the concentration of carbon dioxide
in the atmosphere is increasing at a rate of 2% annually (Tingxin , Yazhou, Yun , & Haoyuan,
2023, pp. 2-3). In this context, the evolution of carbon dioxide emissions from energy in Algeria
will be analyzed, addressing the following points :
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1-1 Definition of Carbon Dioxide Emissions

Carbon dioxide is a natural gas that plays a crucial role in regulating Earth's temperature.
However, the increase in its concentration in the atmosphere due to human activities is causing
adverse climate changes. Therefore, effective measures must be taken to reduce carbon dioxide
emissions and transition to more sustainable energy sources. It is a colorless and odorless gas
and is considered one of the trace gases present in Earth's atmosphere. This gas is characterized
by being approximately 53% heavier than air, which means it tends to accumulate in the lower
layers of the atmosphere. Among its sources are the respiration of living organisms, the
combustion of fossil fuels, industrial processes, organic decomposition, and more. (Galina ,
2016, pp. 1-2)

Carbon dioxide (CO,), or carbon gas, also known as: "A chemical compound and one of
the components of the atmosphere, composed of one carbon atom bound to two oxygen atoms.
It is in a gaseous state under normal conditions, but it is also used in its solid state and plays a
significant role in the carbon cycle in nature" (https://gml.noaa.gov, s.d.)

According to the U.S. Environmental Protection Agency (EPA), carbon dioxide (CO5)
is considered one of the primary greenhouse gases contributing to climate change. It enters the
atmosphere mainly through the burning of fossil fuels (such as coal, oil, and natural gas), as
well as emissions from solid waste, decomposing biological materials (like trees), and certain
industrial processes such as cement production. On the other hand, plants absorb carbon
dioxide as part of the photosynthesis process, which helps remove it from the atmosphere and
store it in biomass. (Overview of Greenhouse Gases, s.d.)

1-2 The Harmful Effects of Carbon Dioxide:

Carbon dioxide is considered a natural and essential gas for life on Earth. However, the
increase in its concentration in the atmosphere due to human activities leads to serious negative
effects, the most important of which are : (Leonel, 2023, pp. 2-4)

> Impact on Climate and Global Warming : The increase in the gas leads to widespread
climate changes and exacerbates the greenhouse effect, causing a rise in global
temperatures.
> Impact on Ecosystems and Biodiversity : The rise in carbon dioxide concentration
negatively affects ecological balance, threatening biodiversity.
> Impact on Human Health and Quality of Life : Air pollution resulting from increased
emissions contributes to the aggravation of respiratory diseases and the deterioration of
quality of life.
> Impact on the Economy : Governments bear significant costs to address the effects of
climate change, such as building dams to protect coastal areas from flooding.
> Impact on Food Security : Climate change leads to a reduction in agricultural crops in
some regions due to drought or floods, threatening food security.
> Impact on Industries : Industries that rely on natural resources, such as fishing and
tourism, are significantly affected by changes in ecosystems.
In this context, a study conducted by researchers from the United States showed that the
"thermosphere," the outer layer of the atmosphere, is at risk of shrinking due to increased carbon
dioxide emissions resulting from the burning of fossil fuels (Kakha , Nino, & Inga, 2021, p.
17). Therefore, it has become imperative to take urgent measures to reduce carbon dioxide
emissions and transition to clean and sustainable energy sources.
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1-3 The Evolution of Carbon Dioxide Emissions in Algeria :
The following figure illustrates the key stages in the development of carbon dioxide emissions
from energy in the Algerian economy. The figure below shows this:
Figure(1) : Evolution of carbon dioxide (CO2) emissions from energy in Algeria (1980-2023)
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160,0

140,0

120,0

100,0

80,0

60,0

40,0

20,0
S A X O X0V DA T O 0D O 0D T O 0D N
O 0 0 XV XV AN /AN DD DD NN NN~ AN
A A A DA AN DS S S DO OO
e e B T T T B T S B 0\ B o I oS RN o IRNL o IENL o B o IR o\ (N 0N BENL O\ BN N B o\ |

Source: Prepared by the researchers based on Annex 1

We observe from Figure 1 that the development of carbon dioxide emissions from energy
during the study period is characterized by three main phases :

Starting from 1980-1989, emissions increased at a moderate pace, reaching 65.1 million
tons in 1989, compared to 38.5 million tons in 1980. This was due to the limited investments at
that time and the low use of energy resources in industry.

Carbon dioxide emissions continued to increase, but at a slow pace tending toward
stabilization. Emissions went from 65.4 million tons in 1990 to 64.9 million tons in 2001, as a
result of the policies implemented by the state and the investment programs at the time, which
led to the start of industrialization and the broader use of energy sources, ultimately increasing
emissions.

The third phase, from 2002 to 2023, witnessed a rapid rise in CO2 emissions, reaching
their peak in 2019 at 142.4 million tons. This was due to the recovery of the oil market, which
led to increased consumption of fossil fuels and all types of primary energy, in addition to the
investment trends that Algeria experienced during that period as a result of the economic revival
programs. In 2020, emissions dropped to 132.7 million tons due to the COVID-19 pandemic,
only to rise again starting in 2021 after the pandemic subsided.

2- Econometric study:

After conducting the theoretical study, we will attempt to adopt the Box-Jenkins methodology

to predict the carbon dioxide (CO;) emissions from energy in Algeria up to the 2030 horizon.
2-1 Box-Jenkins Methodology

The Box-Jenkins method involves modeling time series and forecasting the predicted
movements from observable data through a series of iterations. This methodology is univariate
and is essentially a forecasting tool. It does not provide explanations for the reasons behind
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changes due to the absence of explanatory variables in the model (Abdulkader & Motasam ,
2018, p. 111).

The Box-Jenkins models are well known for being Autoregressive Integrated Moving
Average (ARIMA) models. The methodologies used to solve ARIMA model equations
require extensive computational operations; therefore, statistical software programs will be
used to describe and diagnose ARIMA models (Damodar , 2003, p. 837) such as the EViews
program.

2-1-1 The concept of the Box-Jenkins method

The ARIMA methodology is applied to stationary data, where the symbol Z; represents
stationary data at time t, while Y; represents the value of non-stationary data at that time t.
Accordingly, the ARIMA process takes into account linear models of the following form :
(Abdulkader & Motasam , 2018, p. 113)

Ze = W+ D1Zc 1 + DoZ¢ o+ — 0181 — 026 — -+ e
where Z; and Z;_; represent stationary data points, while e; and e_; represent the predicted
error values at the present and past times, respectively.

As for y, @4, @,..,and 64, 6, .., they are the parameters of the model to be estimated.

2-1-2 ARIMA modeling of time series data (the carbon dioxide emissions from
energy in Algeria)

The Box-Jenkins methodology includes several methods for forecasting time series,
assuming that the time series under study are stationary ries (Damodar , 2003, p. 840) .By
applying the Box-Jenkins methodology, we can determine the type of model, whether it
follows an AR (Autoregressive) model, an MA (Moving Average) process, an ARMA
(Autoregressive Moving Average) process, or an ARIMA (Autoregressive Integrated Moving
Average) process,by knowing the values of (p, d, q) and following the steps outlined in the
Box-Jenkins methodology:

First: Identification:

In this phase, the model most compatible with the time series is identified. This phase
includes a series of steps, as follows:

A- Graphical Representation of the Series Under Study

The graphical representation The graph gives us an initial idea about the stability of the
time series. Therefore, a descriptive study of the data in the time series under study is required.
The series represents the carbon dioxide (CO,) emissions from energy, and we denote the series
as ECO2, which consists of observations from 1980 to 2023, as shown in Appendix 1. The
data for this series were obtained from the reports, publications, and statistics of the Energy
Institute available on the following website: https://www.energyinst.org/statistical-
review/resources-and-data-downloads from the years (1980-2023). The following figure
provides the initial impression formed by the time series.
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Figure(2) : Evolution of carbon dioxide (CO,) emissions from energy in Algeria (1980-2023)
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Source: Prepared by the researchers based on the output of the Eviews-10 program.

It can be observed from the figure that the volume of carbon dioxide emissions in Algeria
has shown a continuous increase throughout the study period. Therefore, it can be said that the
series of carbon dioxide emissions contains a general trend component, meaning that the
carbon dioxide emissions from energy (ECOZ2) series is non-stationary (unstable).

B- Checking the stationarity of the Time Series :

It can be difficult to determine the nature of the time series—whether stationary or non-
stationary—just from the graph(graphical representation). Thus, we need to confirm it using
other statistical tests, such as Unit Root Tests. Among these tests the Augmented Dickey-
Fuller (ADF) test, which examines the stationarity or non-stationarity of a time series by
identifying the presence of a trend componen (Damodar & Dawn C, 2009, p. 758) t. In this step,
we will test the stationarity of the time series under study using the Augmented Dickey-Fuller
test.

The process involves transitioning from the first model, which contains both the trend
and the intercept, to the second model, which includes only the intercept without the trend,
and finally to the third model, which excludes both the intercept and the trend, based on the
following hypotheses:

e Null Hypothesis (Hp): The series carbon dioxide emissions from energy (ECOZ2)
contains a unit root. (non-stationary).

e Alternative Hypothesis (H1): The series carbon dioxide emissions from energy (ECO2)
does not contain a unit root. (stationary).

The following table shows us the results of the Augmented Dickey-Fuller test:
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Table(1) : Augmented Dickey-Fuller Unit Root Test for (ECO2) Series

At Level
Model 1 Model 2 Model 3
Energy Emissions | With Trend and | With Intercept Without Trend
Series (ECO2) intercept and Intercept
Test Statistic -2.083554 0.372728 3.802604
P-Value 0.5385 0.9794 0.9999
At Ist Difference
Model 1 Model 2 Model 3
Energy Emissions | With Trend and ) Without Trend
- With Intercept
Series (EC0O2) Intercept and Intercept
Test Statistic -3.781896 -1.807642 -1.365497
P-Value 0.0281 0.3714 0.1569
At 2nd Difference
Model 1 Model 2 Model 3
Energ?: Emissions | With Trend and With Intercept Without Trend
Series (ECO2) Intercept and Intercept
Test Statistic -6.98509 -7.100264 -7.206037
P-Value 0.000 0.0000 0.0000

Source : Prepared by the authors based on EViews-10 program output

The carbon dioxide emissions from energy series (ECOZ2) is non-stationary at the level,
as the p-value is greater than 5% in all models. Therefore, we accept the initial hypothesis
indicating the presence of a unit root, and the series is of the Difference Stationary (DS) type.
The third model shows that the trend is not significant at the 5% level. Hence, we need to take
the first difference of the series. When we examined the variable at the first difference, we
found that the p-value is still greater than 5% in all models, so we accept the initial hypothesis
indicating the presence of a unit root, thus requiring the second difference of the series.
However, when examining the variable at the second difference, we found that the p-value is
less than 5% in all models, which indicates that the series has become stationary. Therefore, the
carbon dioxide emissions from energy (ECOZ2) series is stationary at the second difference,
and we denoted as ECO2~ 1(2).
C- Analysis of Simple and Partial Autocorrelation Functions :

After describing the time series and confirming its stationarity, we proceed to determine
the appropriate values for (p, d, q), the degree of lag for the Autoregressive (AR) model (p)
and the degree of lag for the Moving Average(MA) model (q). The main tools used for this are
the Autocorrelation function (ACF), Partial Autocorrelation Function (PACF), and the
Correlogram, which is a graphical representation of the Autoregressive Coefficients and
Partial Autoregressive Coefficients at different lag periods (Damodar , 2003, p. 840) . These
tools help in proposing a set of candidate models that might fit the time series data under study.
The EViews program aids in extracting these coefficients, as shown in the figure below :
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Figure (4) : Correlogram of ACF and PACF for the ECO2 Series at the 2nd Difference Figure (3) : Correlogram of ACF and PACF for the ECO2 series at the Level
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Source : Prepared by the authors based on EViews-10 program output.

It can be observed from Figure 3 and by examining the Correlogram and Partial
Correlogram of the carbon dioxide emissions from energy (ECOZ2) in Algeria from 1980-2023
that the series is non-stationary. We find that it stabilizes at the second difference, which is
evident from the Correlogram of the estimated ACF and PACF values for the second
differences of the carbon dioxide emissions from energy (ECO2) series, as shown in Figure 4.
Now we have a completely different shape for the ACF and PACF. The values of the Partial
Autocorrelation Coefficients (PAC’s) at the first and second lag periods are outside the
confidence interval, with values of 0.378 and 0.488, both negative and statistically significant.
Thus, we set the value (p=1) and (p=2). We also propose (p=3), as it is approximately on the
edge of the confidence interval. We also observe the Autocorrelation Coefficients (AC’s) at
the first and second lag periods, which are also outside the confidence interval, with values of
0.378 and 0.265, both negative and statistically significant. Therefore, we set the value (q=1)
and (q=2), as they approach the confidence interval.

Since the selection process is an approximation, we propose the best possible suggestions,
and later tests are conducted. We can also include (q=0) and (p=0) to estimate the non-negative
trend (Ma, 2018, p. 5). Accordingly, the following models can be proposed to select the
appropriate model :

Table (2) : Proposed Models for ARIMA Methodology

Model Number Models Model Number Models
Model 1 ARIMA(1,2,1) Model 6 ARIMA(1,2,0)
Model 2 ARIMA(2,2,1) Model 7 ARIMA(2,2,0)
Model 3 ARIMA(3,2,1) Model 8 ARIMA(3,2,0)
Model 4 ARIMA(1,2,2) Model 9 ARIMA(0,2,1)
Model 5 ARIMA(2,2,2) Model 10 ARIMA(0,2,2)

Source : Prepared by the authors based on Appendix 2
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Second : Estimation

After identifying the appropriate model by selecting the suitable values for (p, d, q), i.e.,
determining the lags for both the Autoregressive (AR) and Moving Average (MA)
components, the next step is to estimate the parameters in the model (Damodar , 2003, p. 840) .
In some cases, it is appropriate to use the Ordinary Least Squares (OLS) method, and in
other cases, non-linear estimation models are employed for model estimation. Statistical
Programs dedicated to this task can be used.

Let D(D(ECO2)) represent the second differences of the carbon dioxide emissions from
energy(ECOZ2) series in Algeria, as it is stationary of the second degree. Using the EViews
program, we estimate the first model AR(1), which represents the variable with a first-order
lag (lagged by one period), up to the fifth model ARIMA(2,1,1) by entering the model into the
dialogue box after selecting Quick — Estimate equation with the following formulas:

D(D(EC02)) ¢ AR(1)
D(D(EC02)) ¢ AR(2)
D(D(EC02)) ¢ AR(3)
D(D(EC02)) ¢ Ma(1)
D(D(EC02)) ¢ Ma(2)
D(D(EC02)) ¢ AR(1) Ma(1)
D(D(EC02)) ¢ AR(1) Ma(2)
D(D(EC02)) ¢ AR(2) Ma(1)
D(D(EC02)) ¢ AR(2) Ma(2)
D(D(EC02)) ¢ AR(3) Ma(1)
D(D(EC02)) ¢ AR(3) Ma(2)

We obtain the results shown in Appendix 2

Excluding the ARIMA(2,2,0), ARIMA(3,2,0), and ARIMA(0,2,2) model, in addition to
the following models: ARIMA(1,2,1), ARIMA(2,2,1), ARIMA(3,2,2), and ARIMA(2,2,2)
due to the insignificance of the models. The best models are then selected from the previous
ones based on the Akaike and Schwarz criteria, where we choose the model with the lowest
value of these criteria, as shown in the following table :

Table (3) : Selection of the Best Models

Proposed Models Schwarz Criterion Akaike info Criterion
ARIMA(1,2,0) 6.3314 6.20281
ARIMA(0,2,1) 5.994643 5.870523
ARIMA(1,2,2) 6.067465 5.901973

Source : Prepared by the authors based on the outputs of the EViews-10 program.
Based on the Akaike and Schwarz criteria, the best model is found to be: ARIMA(0,2,1),
with the estimation results shown as follows:
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Figure (5): Estimation Results of the Model: D(D(ECO2)) c MA(1)

Sample: 1982 20232
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Source : Prepared by the authors based on the outputs of the EViews-10 program.

Third : Diagnostic Checking

After selecting the previous ARIMA model and estimating its parameters, we verify
whether the model fits the data well—i.e., whether it is appropriate. This is done through a
simple test to ensure that the model residuals are purely random (white noise) (Bourbonnais,
2015, p. 262) and that the series is stationary Therefore, the Box-Jenkins methodology is an
iterative process, as illustrated in the following figure : (Damodar , 2003, p. 841)

Figure (6) : Steps for Building a Model According to the Box-Jenkins Methodology

1. Identification of the model
({Choosing tentative p, d, g)

2. Parameter estimation of
the chosen model

3. Diagnostic checking
(are the estimated residuals white noise?)
Yes l No

(Go to Step 4) [ l (Return to Step 1)

4. Forecasting

One of the simplest diagnostic methods is obtaining the model residuals and calculating
the ACF and PACF of these residuals up to the 20th lag period, as shown in the following
figure :
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Figure (7) : Correlogram and Partial Correlogram of the Residuals
Correlogram of RESID

Date: 08/05/24 Time: 00:19
Sample: 18980 2023

Included observations: 42

Autocorrelation

Partial Correlation

AC

PAC

C-Stat

Prob

[
=

[

mEN —_

oMo —mm|

I

I
1
|

|
|

[
(.

[

o ommll

[
[

[

W00 = N f R =

10
11
12
13
14
15
16
17
18
19
20

-0.058
-0.190
0.303
0.188
-0.063
0.105
0182
-0.038
0.009
0Aave
-0.160
-0.117
0.065
-0.093
-0.110
-0.045
-0.053
-0.161
-0.109
0.0086

-0.058
-0.194
0.290
0201
0.071
0.097
0.099
-0.029
-0.011
D.066
-0.218
-0.150
-0.139
-0.149
-0.039
-0.070
-0.018
-0.059
-0.051
0.043

0.1537
1.8251
6.1694
7.8952
8.0944
8.6600
10.407
10.485
10.490
12.271
13.804
14.653
14.918
15.489
16.322
16.466
16.677
18.667
19.616
19.619

0.695
0.402
0.104
0.095
0.151
0.194
0.167
0.233
0.312
0.267
0.244
0.261
0.312
0.3485
0.261
0.421
0.476
0.413
0.418
0.482

Source : Prepared by the researchers based on EViews-10 output.

It is observed that the Correlogram, whether for Autocorrelation or Partial
Correlation, gives the impression that the estimated residuals are purely random. Therefore,
there is no need to search for another ARIMA model.

Additionally, the residual values can be plotted, and the actual values can be compared
with the estimated values, as illustrated in the following figure :

Figure (8) : Residual Plot and Comparison of Actual vs. Estimated Values
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Source : Prepared by the researchers based on EViews-10 output.
The residual plot indicates that the estimated values are very close to the actual values,
which also demonstrates the efficiency of the selected model.
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Fourth : Forecasting

The final test for a successful ARIMA model is to evaluate its predictive performance
both within the sample period and beyond (Damodar , 2003, p. 840). Forecasting is one of the
main reasons for the popularity of the ARIMA model.

Referring to the previous example and using EViews, we will extend the time series to
predict the next seven periods. To do this, we enter the command Expand in the command bar.
After pressing Enter, a dialog box appears to expand the time series for forecasting future
values. In the End date field, we enter the year 2030, assuming an extended period of seven
years, and then click OK.

Returning to the estimation window of the selected model ARIMA(0,2,1) and selecting
Forecast, a dialog box appears with several sections. One section is for naming the forecast
equation, and the next section allows selecting whether to forecast the original series (ECO2)
or its first difference (DECO2) or second difference. The original values ECO2 are selected,
and after clicking OK, the following results appear :

Figure (9) : Results of Theil’s Test
1,000

Forecast ECOZF

Actual: ECO2

Forecast sample: 1880 2030

Adjusted sample: 1982 2030

Included observations: 49

Root Mean Squared Error - 130.8428
Mean Absolute Error 116.4895
Mean Abs. Percent Error 128.6738
Theil Inequality Coefficient 0416362

200 4
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Bias Proportion 0.782517

o Wariance Proportion 0.179951
Covariance Proportion 0.027533

20 e e e e Theil U2 Coefficient 30.85253
1885 1990 1985 2000 2005 2010 2015 2020 2025 2030 Symmetric MAPE 73.97591

| — ECOZF -——- £2SE |

Source : Prepared by the researchers based on Eviews-10- output.

The figure above presents some key indicators used to assess the accuracy of the selected
forecasting model. One of these indicators is Theil's Inequality Coefficient, which has a value
of Theil Inequality Coefficient = 0.4163, less than one. This suggests that the model is suitable
and valid for forecasting.

To display the forecasted values for the next seven periods, we click on the forecast file
in the workfile. The forecasted values for ECO2 over the years 20242030 are presented in the
following table :

Table (4) : Forecasted ECO2 Values for the Period 2024-2030
Years 2024 2025 2026 2027 2028 2029 2030
ECO2 | 351.9064 | 358.3258 | 364.7139 | 371.0708 | 377.3964 | 383.6908 | 389.9539
Source : Prepared by the researchers based on Figure (9).
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The results indicate a continuous increase in the carbon dioxide emissions from energy
(ECO2) consumption, according to the proposed forecasting model. Emissions are expected to
range between 351.9064 and 389.9539 million tons during the period 2024—-2030.
Conclusion:

This study sought to address the research question posed at the beginning, which revolves
around forecasting and analyzing the trends the time series of carbon dioxide (CO;) emissions
from energy in Algeria up to the 2030 horizon using the Box-Jenkins methodology. Given that
Algeria heavily relies on the petroleum industry as a fundamental pillar, the study also
considered its environmental, health, social, and economic impacts.

Through theoretical and empirical analysis of Algeria’s energy-related gas emissions until
2030, the study reached the following findings :

» Carbon dioxide emissions (CO,) have become one of the most critical macroeconomic
indicators in recent years due to their rapid increase, global warming, and their negative
environmental impacts. This is particularly relevant for Algeria, a major energy-producing
country.

» The Box-Jenkins methodology is designed to forecast and analyze the stochastic or
probabilistic characteristics of an economic time series. It allows the dependent variable Y;
to be explained by its past values (lags) and the current and lagged values of residuals Us.

» The Box-Jenkins methodology includes various time series forecasting techniques and
assumes that the studied time series is stationary.

» The analysis confirmed that the CO, emissions time series (ECO2) is non-stationary at
level but becomes stationary after taking the second difference, validating the first
hypothesis.

» The ARIMA(0,2,1) moving average model was found to be the most suitable for the
data under study. However, this result does not support the second hypothesis.

» There is a strong alignment between actual and forecasted values, as indicated by the
ARIMA(0,2,1) model. The forecast suggests a continuous increase in energy-related gas
emissions in Algeria, with emissions expected to range between 351.9064 and 389.9539
million tons during the period 2024-2030.

Recommendations :
Based on the findings, the following recommendations are proposed :
>Greater emphasis should be placed on econometric studies that analyze time series of
macroeconomic variables.
»Researchers should be encouraged to use time series models and various forecasting
methods, given their significance in future economic analysis and planning.
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-Appendices:
Appendix 1 :
Carbon dioxide emissions from energy. Unit : million tons.
Years 1980 1981 1982 1983 1984 1985 1986 1987 1988 1989 1990

The carbon dioxide emissions 305 463 543 590 570 576 610 627 669 651 654
from energy

Years 1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001

The carbon dioxide emissions (53 o6 621 28 652 643 618 644 644 62.6 649
from energy

Years 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012

The carbon dioxide emissions ;9 7,0 743 769 808 852 906 957 946 1006 1089
from energy

Years 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023

The carbon dioxide emissions 1154 1336 1290 1277 1307 1373 1424 1327 1445 1496 1447
from energy

Source : Based on reports, publications, and statistics from the Energy Institute on the following website.
https://www.energyinst.org/statistical-review/resources-and-data-downloads
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Appendix 2 :

Figure(3) : Model Estimation Results
D(D(ECOD) c Ar(3)

Figure(2) : Model Estimation Results
D(D(ECOD) c Ar(D)

Figure(1) : Model Estimation Results
DID(ECOD) c Ar(])
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