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Abstract

Carbon dioxide (CO,) emissions is among of global environmental pollutants contributing to climate change. The
current study aims to create an Autoregressive Integrated Moving Average with external factors (ARIMAX) model
to predict CO, emissions in Tanzania. In this study, an Autoregressive Integrated Moving Average (ARIMA)
model is first created. Then it is combined with the influencing factors using multiple linear regression to fit an
ARIMAX model. There is a high possibility of both under- and overestimation because the ARIMAX employing
multiple linear regression (ARIMA-MLR) model only generates mean forecasts. A hybrid ARIMA-Quantile
Regression (ARIMA-QR) is created to forecast high and low quantiles. The ARIMA-QR model mainly predicts
the quantiles instead of extrapolating from the mean point of the ARIMA-MLR model, which bases more on the
assumption of normality. The established ARIMA-MLR and ARIMA-QR were used to forecast and model annual
data on CO, emissions in Tanzania. The findings reveal that both ARIMA-MLR and ARIMA-QR models
outperform the traditional ARIMA model in terms of forecasting accuracy with the least mean absolute percentage
error (MAPE) and root mean square error (RMSE).

Keywords: CO; emissions, Hybrid ARIMA, Quantile Regression.
2020 MSC: 62]J05,62]J20,62P20.

1. Introduction

Carbon dioxide (CO,) is among environmental pollutants contributing to climate change, accounting for
58.8% of all greenhouse gases (GHG). The single main source of carbon dioxide and total GHG emissions is the
burning of fossil fuels. Due to the recent global economic expansion, their impact has grown at the quickest rate
of any critical source since 1970.

African countries must simultaneously address climate change's broad and complicated effects while
addressing their need for economic development without becoming further dependent on fossil fuels or wasteful
technologies [35]. Most nations have seen rising pollution levels due to financial incentives to expand industrial
output, and if current development patterns continue, this trend is likely to continue [36].
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Tanzania is a prime example of a developing country that has emerged since the 21st century. In addition to
experiencing an incredible economic miracle, Tanzania has also seen a rapid increase in energy use and carbon
emissions. [32] assert that Tanzania is one of the world's most politically and economically vibrant nations. At the
beginning of the twenty-first century, Tanzania, like all other East African nations, was agrarian and pursued a
range of revival methods for their economies.

In an era with highly developed technology pathways for lowering emissions, many wealthy countries have
achieved or will soon reach their emission peaks [23]. Within the next generation, developing countries and even
less developed countries, particularly Tanzania, will become the main theatre of conflict for future emission
reductions [17]. Although Tanzania has no recognized fossil fuel deposits, its numerous energy sources analysis
demonstrates that petroleum-based fuels are the main drivers of its domestic economy. The average annual usage
of fossil fuels in Tanzania is about 2.3 million tons. Since fossil fuels emit massive volumes of emissions into the
atmosphere when burned, it causes air pollution. Figure (1) below shows the sources of carbon dioxide emissions
in Tanzania by source. Carbon dioxide is the main significant component of greenhouse gases.
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Figure (1): Carbon Emissions by Source in Tanzania (in thousands of metric tons of CO,)
Source: World Resources Institute, Earth Trends

Based on Figure (1), it is evident that fossil fuels are Tanzania's primary source of energy and carbon
emissions. Since Tanzania now relies more on fossil fuels as its primary energy source, which urgently has to be
replaced by new, cuttingedge energy sources. However, due to financial limitations and technological lag,
underdeveloped nations like Tanzania cannot fast develop sustainable energy sources [30]. Thus, the study and
forecasting of CO, emissions using external variables like electricity consumption and economic growth are
essential to the clean energy economy in Tanzania.

In general, quantitative methods can be used to forecast CO, emissions. Two examples of quantitative
approaches are building mathematical models containing causative factors or extrapolating historical
environmental data. The quantitative techniques are divided into hybrid, causal, and time series models. The
causal models depend on the causal relationships among the factors influencing CO, emissions. Time series
models mostly depend on the previous environmental observations collected systematically to forecast future
pollution. Hybrid models incorporate both time series and causal models. Proper forecasting is necessary for
precise investment planning in energy manufacturing and supply, environmental management, and economic
growth. Numerous research has used causal models to analyze and predict energy consumption and CO, emissions
[10], [28]. The disadvantage of causal models is that they rely on the reliability and accuracy of data on explanatory
variables across the forecasting period, requiring additional data collection and computation efforts. Univariate
time-series analysis, like that used in ARIMA, is another modeling strategy that requires the variable's past data to
forecast its future behavior. The univariate ARIMA analysis proposed by [7] has been widely employed in
numerous fields to provide accurate forecasting conclusions; many historical observations have been required.
Artificial neural networks (ANN) [4]; [19], fuzzy regression [25],[5], and other intelligent nonlinear forecasting
techniques have been used to anticipate energy demand more accurately. However, the standard approach
struggles to attain high precision due to the nonlinear nature of environmental data. As a result, several researchers
started researching intelligent models to improve forecast accuracy. However, univariate and casual models may
have limits. Thus, more researchers are beginning to enhance forecasts by combining two or more models into a
hybrid model to predict energy consumption, pricing, and other concerns [27], [31]. Forecasting CO, emissions
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must consider the influencing elements to improve prediction accuracy. The ultimate goal of a forecasting model
is to place an order based on the forecast's outcome.

A certain amount of forecast uncertainty always affects the judgments, even when the forecasting model is
successful [12]. Since CQO, is the greenhouse gas shown to have the most significant effects on environmental
problems, forecasting CO; emissions has become a global concern. Forecasting CO, emissions is another crucial
step in raising public awareness of environmental issues. Keeping these concerns in mind, the main objective of
this study is to develop a hybrid time series model with external variables utilizing a hybrid ARIMA- Q.R. model
to forecast CO, emissions. This study's remaining sections are organized as follows: Brief methodology details are
provided in Section 2. The application of the created model is described in Section 3. The results and discussion
are covered in Section 4. Lastly, the conclusion is presented in Section 5.

2. Methodology
2.1 ARIMA Model

Univariate time series data with equal spacing are analyzed and predicted using the ARIMA model. It
predicts by linearly mixing the initial values and errors in a response time series. The three steps that make up the
analysis performed by the ARIMA technique are identification, estimation and diagnostic checking, and
forecasting. These three steps match those listed by Box and Jenkins. Statistics time series are described by
traditional Box-Jenkins models. Therefore, before attempting to determine a Box-Jenkins model, initially, we
convert the time series into a stationary time series by differencing the series. The ARIMA model is commonly
written as (p, d, q), and it is created by combining three building components, namely, p for autoregressive (A.R.),
d for integration order term (I), and q for moving average (M.A.) to simulate the serial correlation in the
disturbance term.

The parameterization of Autoregressive (A.R. (p)) of order p is written in equation (1):

Xt = A1 X1 + ArXe_> + -+ apxt_p + &t (1)

The parameterization of the moving average (M.A. (q)) is expressed in equation (2).
Xe = & + P1&t—1 + Prgr—2 + -+ BrEion

Xt = Z?:o .ngt—j

Where, g = 1 and &; is white noise i.e

E(e) =0

E(gies) = 0o fort=s

E(eies) =0 fort #s (2)
Thus, the general ARMA (p, q) is written as:
Xt +P1Xp—1 + o+ PpXe—p = & + Pr1Ec—1 + -+ PrEron 3)

Hence, the ARIMA model of order (p, d, q) can be used to postulate the backward shift operator as follows:
¢(Z)Adxt =@ +02D)¢;
Where, ¢(Z) =1— ¢pyZ — ¢pZ% — - — P, ZP

6(2)21_912_9222_”'_9qu (4)

The symbol denotes the time series is x;; the backward operator is denoted by the letter Z, d shows the
number of differences; lastly, the symbols &, and &;_; represents independent disturbance terms. It is assumed
that the series & is a white noise process, and the polynomials ¢(Z) and 8(Z) in Z are of orders p and q,
respectively. The polynomial roots of ¢(Z) and 8(Z) always lie outside the unit circle.

2.2 ARIMAX

A time series Y, can be explained by external factors employing a linear regression model rather than just
modeling it with a collection of lagged values. It is expected that errors in linear regression analysis are random.
However, the autocorrelation property of the data frequently violates it in the case of time series [3]. Therefore,
ARIMAX corrects this problem and explains autocorrelation. The ARIMA model is enhanced to become an
ARIMA model with explanatory variables known as ARIMAX (p, d, q) X, where X denotes the vector of
explanatory variables. It is possible to express the general ARIMAX model as follows:

= Vo FViXis + VaXop + o Yexes + —2B ¢ (5)
Yt = VYo TV1iXe,e T VaXor VsXs,t b (B (1-B) ¢
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Where X1 ¢ X2t ..., X5 ¢ are the explanatory variables/ external variables with regression coefficients denoted as
Yo, Y1, Y25 - Vs-

2.3 Quantile Regression

Researchers [24] pointed out that point forecasting is weak support for decision-making. The efficiency of
point forecasting decreases in the presence of severe and undefined circumstances. [9] discussed the significance
of delivering interval forecasts, including assessing future uncertainty, developing various tactics for a range of
potential outcomes, comparing forecasts, and investigating various scenarios by considering several assumptions.
Estimating the prediction interval is crucial for anticipating environmental data and wise decision-making. In
most older studies, this issue was solved by converting point forecasts into interval forecasts. The confidence
intervals for 10% and 90% were proposed by [15] as x; + 1.2820;. The prediction's confidence interval range is
expected to include the mean response for the model's specified values of the explanatory variables. However, the
range of a model's prediction interval is expected to contain the average predicted response for the provided value
of the explanatory variables. [16] noted the computation of forecasting intervals by employing theoretical
mathematical equations that are substantially similar. Equations (6) and (7) can be used to express the forecasting
interval formula at (1 — @)100% for the value k phases ahead:

T+ Za/zw/var[sn(k)] (6)

Where &, (k) denotes the forecast disturbance term. Another formula was suggested by [37].

J?tiZa/Zﬁ 1+1/Tl (7

The term & represents the standard deviation of the disturbance term.

These techniques are only applicable if the residuals are normal and uncorrelated. In place of a point forecast
based on prediction intervals, [33] recommended using quantiles in forecasting. Under average conditional
function E(Y|X), the traditional mean regression analysis illustrates how the average dependent variable (y)
evolves with the explanatory vector variable (x). [22] expanded the traditional mean regression analysis to
incorporate conditional quantiles of the dependent variables. Quantile regression (QR) takes conditional
quantiles functionQ;(Y|X) into account, in contrast, to the mean regression model. The link between the
response and explanatory variables is thoroughly viewed using the quantile regression technique.

The sum of squared errors is minimized to determine the regression coefficients (y) in a conditional mean

model [6]:
min Y i — xiv)? (8)

The regression coefficients in a conditional median model are determined by minimizing the sum of absolute
deviations:

min XL y: - xiv] ©)

The quantile regression in equation (10) reduces the objective function for the quantile and then applies a 50
percent median regression to each remaining quantile [21]:

g,nefgl Zgyizxiy T|yi - xi]/l + ZZyi<xi'y(T - 1) |Yi - xﬂ/-[l (10)
where 7 € (0,1) is the existing quantile, the symbol ¥; represents Tth regression quantile. Median regression
is well described when T = 0.5. We can analyze the properties of the dependent variable beyond the Gaussian
distribution's mean using the QR technique. Consequently, using QR one may create prediction intervals [26].
Compared to looking solely at the dependent variable's average, different inferences may be drawn by studying

the properties of the dependent variable at various quantiles by considering its explanatory variables.
2.4 Performance Assessment

The accuracy of the forecasting performance target is to outperform a targeted model and continuously
enhance better prediction procedures [14]. They recommended a better method to scale the forecasting
performance objective using a straightforward naive forecasting technique as a targeted model. The suggested
model was compared against the naive model's forecast accuracy as a baseline. Furthermore, [13] suggested using
forecast value assessed (FVA) analysis to contrast the prediction approaches. He claims that FVA analysis can be
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applied to find and remove procedures that aren't improving the forecast while producing improved projected
outcomes.

The mean errors of the out-ofsample data set may be employed to gauge the model's forecast accuracy.
Performance measurements employed in this research include root mean square error (RMSE) and MAPE. This
provides the foundation for prediction accuracy using the ARIMA and the developed hybrid models. Equation
(11) and (12) represents MAPE and RMSE, respectively

MAPE = 1/ T, [ (an
—_Vv.)2
RMSE = |yn  HeXs (12)

n
Where X; and n are forecasted time series and the number of observations, respectively.
2.5 Description of Data and Variables

The research adopted for this work is a quantitative research design, and data for this study was collected
through reliable secondary sources like world bank publications. The key variables shown in Table (1) are CO,
emissions, electricity generation, consumption and GDP Per Capita, urban population, and labor force. In this
study, the annual data from 1989 to 2020 was used.

Table (1): Variable measurement

Variables Measurements (unit)

CO; emissions Dollar (Us)

GDP Per Capita Megatons (Mt)

Electricity generation Gigawatt hour (GWh)

Consumption Gigawatt hour (GWh)

Urban population Percentage (% of the total population)
Labor force Count

Source: Author

3. Application of ARIMAX Models

Two steps can be utilized while performing the ARIMAX modeling:
Firstly, establishing an ARIMA model, and secondly, using MLR and Q.R. to incorporate external factors and the
expected values of the ARIMA model as input variables. The residuals are then tested for white noise using
parameter significance testing and diagnosis.

3.1 Developing of ARIMA Model

Identifying a model entails examining the characteristics of ACF and PACF values or their graphs. The first
stage in the ARIMAX process is establishing an ARIMA model using the provided data set. The complete dataset
has been divided into two parts to facilitate model comparison: a training part with 70% of the sample size and a
validation part with 30% of the sample size. Figures (2a and 2b) display the annual CO, emissions autocorrelation
and partial autocorrelation plots, respectively. It can be seen that the ACF plot exhibits a geometric decline and
one significant lag in the PACF plot. This shows that the time series depends only on the previous observation.

Furthermore, the Phillips-Perron method shows that the time series is stationary after the first differencing.
The training part autocorrelation and partial autocorrelation were examined to identify the order of the ARIMA
model. Figures (2a and 2b) show that the ARIMA (1,0,0) model is the most effective. STATA and SPSS version
23 produced the ARIMA model's outcomes. Table (2) displays the results of evaluating the performance of the
ARIMA model using MAPE and RMSE for both in-sample (training) and out-of-sample (testing) data sets. The

ARIMA model's results demonstrate that the model's performance is the same during training and testing.
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Figure (2 b): PACF Plot
Table (2): Performance of ARIMA for training and test data set of CO; emission
Performance measure Training (in-sample) Test (out of sample)
MAPE 25.31 22.71
RMSE 24.43 19.86
3.2 ARIMA-MLR Model

The next step of our methodology is to apply a multiple linear regression model with CO; emission as a
response variable and predicted ARIMA CO, emission and other external variables served as explanatory variables.
The external factors/variables include labor force, electricity consumption, GDP per capita, and urban
population. The Variance Inflation Factor (VIF) is utilized as a post-diagnostic method to assess the effects of
multicollinearity in multiple linear regression analysis. Multicollinearity may cause misleading or counterfeit
results when an expert or analyst examines how well each explanatory variable can most efficiently be used to
forecast or know the response variable in the analytical model. Unfortunately, even under high multicollinearity,
the OLS assumptions do not violate. The variance inflation factors greater than 5 indicate the presence of severe
multicollinearity within the independent variables. The findings in Table 3 demonstrate that the explanatory
variables did not exhibit multicollinearity.

Furthermore, the results of the MLR model in Table (3) show that all six jointly explanatory variables, such
as predicted CO; emission using ARIMA, GDP per capita, electricity consumption, Labour force, and urban
population, are statistically significant at a 1% level of significance. Predicted CO, emission and GDP per capita,
used as the proxy of economic growth and electricity consumption, are all statistically significant at a 5%
significance level. Urban population and labor force are statistically significant at a 1% significance level while
electricity generation is statistically insignificant. The adjusted coefficient of determination (adjusted R?) is 0.72,
which means that 72% of the total variation is accounted for by six explanatory variables included in the model
while other factors outside the analytical model can account for the remaining 28%. The model intercept is
interpreted as the estimated function of the CO, emission with no effect on GDP per capita, electricity
consumption, generation, labor force, urban population, and predicted CO,; emission from ARIMA. The
ARIMAX model's MAPE and RMSE for the testing data set are 21.92 and 17.22, respectively (see Table 5),
demonstrating that it performs better than the ARIMA model.
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Table (3): Combined ARIMA-MLR for CO; emission

C02 Emission Coefficient Standard Error  Test statistic P-value VIF
Estimate

GDP Per Capita 0.253 0.012 -1.97 0.049 2.342

Predicted CO2 0.145 0.020 3.547 0.003 2.112

emission from

ARIMA

Electricity 0.321 0.000 0.71 0.475 2.675

generation

Consumption 0.413 0.000 2.46 0.014 2.764

Urban population  1.726 0.310 5.56 0.000 2.084

Labor force 0.653 0.027 2.02 0.043 1.904

Intercept 0.040 0.149 0.27 0.788

Model Pvalue 0.000

3.3 ARIMA-Quantile Regression (ARIMA-QR)

In the estimates of different covariates on the conditional mean of CO; emission, it has been acknowledged
that the classical OLS regression method, which was used in ARIMAX, did not accurately capture the size and
nature of the covariate effects on the lower and upper tail of the CO, emission distribution. Quantile functions
can fully portray the covariate effects. Thus, quantile regression is used to regress the dependent variable with
covariates. Figure (3 a) shows the CO; emissions against quantiles starting from 0.05 to 0.90 for all explanatory
variables and an intercept. The shaded grey area offers the 90% confidence interval (CI) for the quantile regression
estimates, the red line depicts the regression estimate of the average effect, and the two dotted red lines represent
the 90% confidence intervals for the least square estimation. It can be seen that each of the estimated falls with
the grey region, which is the 90% confidence interval, suggesting that the fitted quantile regression model is stable.
Furthermore, Figure (3 b) predicts that CO, emission using ARIMA-QR is constant over time and that there is
no cause for alarm. Table (4) displays all the covariate coefficients and standard errors for each quantile under

consideration.
Table (4): Estimates of the quantile regression coefficients (ARIMA-QR)

CO02 emission

Quantiles 5th 10th 20th 30th 40th 50th 60th 70th 80th 90th
GDP Per 0.347***  0.321***  0.296**  0.368**  0.375**  0.377** 0.362**  0.365** 0.381**  0.421**
Capita (0.028) (0.024) * * * * * * * *
(0.022) 0.021) (0.024) 0.021) 0.019) (0.027) 0.017) (0.016)
Electricity 0.137 0.187 0.217* 0.351**  0.345**  0.301 0.323 0.294 0.387* 0.412**
generation (0.063) (0.067) (0.042) * 0.021) (0.086) (0.086) (0.074) (0.027) *
(0.021) (0.023)

CO02 emission ~ 0.267***  0.281** 0.312**  0.324**  0.253**  0.371**  0.295** 0301  0.276™  0.205**
from ARIMA  (0.045) (0.039) * * * *
(0.051) (0.054) (0.061) (0.052) (0.041) (0.064) (0.042) (0.046)

Consumption ~ 0.023* 0.052* 0.034 0.013 0.013 0.055**  0.041**  0.019**  0.033**  0.035**
0.011) (0.012) (0.013) (0.023) (0.023) (0.021) * *

* * * *

* *

(0.031) (0.025) (0.035) (0.041)

Urban Q.17 0137 - - - - - - - .
population 0.031) (0.036) 0.338**  0.381**  0.404**  0.401**  0.432** 0454 0384  0.302**

* * *

(0.038) (0.034) (0.029) (0.027) (0.024) (0.028) (0.023) (0.026)
Labor force 0.351*  0.374™*  0.405*  0.464™  0.564™ 0.403* 0487  0.503* 0.514*  0.525**
0.011) (0.018) * * * * * * . .

(0.015) (0.017) (0.025) (0.021) (0.028) (0.030) (0.032) (0.035)

Constant 0.521** 0.491** 0.472* 0.502**  0.623 0.646 0.573 0.413**  0.458**  0.406**
(0.032) (0.026) 0.022) * (0.037) (0.041) (0.039) * * *
(0.025) (0.016) (0.016) (0.014)
Model P- 0.0000***

value
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Figure (3 a): Ordinary Least Square and Quantile Regression Plots
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Figure (3 b): ARIMA-QR Forecasting

3.4 Performance Assessments Results

Table (5) shows the performance assessment results with the level of accuracy of carbon dioxide (CO,)
emission forecast with each model. ARIMA-MLR and ARIMA-QR have superior predictions than traditional
ARIMA because they have lower mean absolute percentage error (MAPE) and root mean square error (RMSE)
than standard ARIMA (see Table 5). This is due to the integration modification and use of influencing external
factors. ARIMA-QR outperforms ARIMA-MLR in terms of forecasting accuracy because ARIMA-MLR produces
only a mean forecast. In contrast, the ARIMA-QR model directly forecasts the quantiles rather than extrapolating
them from a mean point. Section four explains the fundamental importance of ARIMA-QR over ARIMA-MLR.

Table (5): Performance Assessments Results for the out-of-sample dataset of CO; emission in all the forecasting models

Forecasting Method MAPE RMSE
ARIMA 22.71 19.86
ARIMA-MLR 2191 17.22
ARIMA-QR 19.55 16.17

3.5 Cumulative Sum for Parameter Stability Test Procedure

According to [8], who presented the test statistic method based on the cusum of recursive residuals, the
recursive residuals are shown to be independent and identically distributed as normal, with a zero mean and
constant variance under the null hypothesis. The recursive cusum process graph will deviate from the predicted
value of O if the coefficients change after a certain period. It relies on its conclusion on whether the time series
undergoes sudden changes that the model doesn't anticipate. Technically, it examines the residuals structural

break.
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A Brownian movement can approximate the limiting distribution of the recursive cusum statistic's sequence.
A linear function approximates the Brownian process limits at a certain significance level. It is recommended to
reject the null hypothesis when the sample cusum process crosses the theoretical bounds at any point in time.
This can be done by looking at a graph that displays the borders and the recursive cusum statistic. Furthermore,
a null hypothesis can be tested using a test statistic method built on the maximum of the recursive cusum statistic.
We can see that the recursive plot in figure (4) falls between the 95% confidence band, indicating that the
ARIMAX model's mean is stable at a 5% significance level.

Additionally, the plot offers details about the stability of the regression model's coefficients. Note that the
predicted value of the cusum of recursive residuals under the null hypothesis of no parameter instability is 0. The
cusum of the recursive residuals in figure (4) below, which also shows that the regression model's parameters
become stable over that time, falls inside the 95% confidence intervals in the middle of the sample.

The cusum of OLS residuals is used to calculate a similar test statistic. The OLS residuals are heteroskedastic
and correlated under the null hypothesis. The OLS residuals have an anticipated value of O if there is an intercept
or if the underlying process has a mean of 0 without an intercept. Unlike the recursive cusum process, which
would drift away from O following a structural break, their cumulative sum always returns to 0. A Brownian bridge
process can approximate the limiting distribution of the OLS cusum statistic under the null hypothesis [29].

Moreover, if a structural break occurs at a specific time, the OLS cusum statistic's absolute value peaks before
reverting to its predicted value of zero. The parameter stability is tested using a graph having a constant upper and
lower bound at a given significance level. Reject the null hypothesis of parameter stability if the cusum of the OLS
residual plot exceeds the boundaries. The plot further explains the timing of the structural break. The OLS cusum
statistic's absolute value can also be employed to test the null hypothesis at a particular significance level. The OLS
cusum process crossing within the 95% band in Figure (4 b) below indicates that the null hypothesis is rejected at
a 5% significance level, supporting the stability of the ARIMAX mean.

Recursive cusum plot of D.C02
with 95% confidence bands around the null

<
~
- \_—/\///\/\/\’_\
L\ll -
<Ir -
T T T T
1990 2000 2010 2020
Year
Figure (4 a): Recursive Cusum Plot
OLS cusum plot of D.C02
with 95% confidence bands around the null
&
o 4
(\II -
T T T T
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Year

Figure (4 b): OLS Cusum Plot
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4. Results and discussion
4.1 ARIMA-MLR and Q.R. Results

The results of the ordinary least square regression technique, which were employed in the ARIMA-MLR
model, have been acknowledged as failing to adequately reflect the size and type of the effects of the covariates on
the lower and higher part of the CO; emission distribution. Multiple linear regression findings in Table 3 reveal
that the intercept (c) is not different from zero, but it is statistically significant from the 5th to 30th quantiles and
from the 70th to 90th quantiles in the quantile regression model (QR). The predicted CO; emission from the
ARIMA model is significant in low, middle, and upper quantiles (see table 4). MLR and Q.R. show that predicted
CO; emission from ARIMA is an increasing function of CO; emission in Tanzania. The computed conditional
quantile function demonstrates that the covariate's effect also increases as the quantiles increase.

Furthermore, similar effects are seen for both conditional mean and median. The coefficient of electricity
generation is positive and significant in the 20th and 80th quantiles at a 10% significance level. Similarly, ata 1%
level of significance, the coefficient of electricity generation is positive and statistically significant in the 30th and
90th quantiles. Additionally, the electricity generation coefficient is positive and significant at a 5% significance
level in the 40™ quantile. The ordinary least square (OLS) results show that electricity generation has no impact
on CO; emission. This is a perfect example of how inaccurate results of conventional least squares predictions
appear.

The estimated coefficient of GDP per capita is highly positively significant at a 1% level of significance in all
quantiles, indicating economic growth increases CO, emissions in Tanzania. This is because most East African
economies, including Tanzania, are based on inefficient farming practices that result in deforestation, shrub
growth, and rising pollution. Similarly, OLS suggests the same results. This finding supports [2], who also found
that economic growth is the key source of environmental pollution in the Middle East and North Africa (MENA)
countries, including Egypt, Bahrain, Iran, Iraq, Jordan, Libya, Oman, Syria, Kuwait, Lebanon, Morocco, Yemen,
and the United Arab Emirates. Electricity consumption positively affects CO, emission in upper and lower
quantiles. Similarly, ordinary least squares suggest a positive relationship with CO, emissions. This result supports
[1],(11],[18], who also found that electricity consumption increases CO, emissions.

The negative coefficient of the urban population in both ordinary least square estimates of MLR and quantile
regression (Q.R.) models suggests that the urban population does not increase CO, emission in Tanzania. This is
contrary to the study conducted by [34], who pointed out a long-term equilibrium link between CO, emissions
and the urban population in Malaysia. In Uganda, [20] investigated the association between CO, emissions and
the urban population, and their findings revealed that the urban population is a decreasing function of CO,
emissions. The coefficient of the labor force has a positive sign in both Q.R. and MLR, showing that an increase
in the labor force significantly impacts CO, emissions.

4.2 Applicability of Fitted Models for Forecasting

Every prediction method has advantages and disadvantages, and every prediction scenario is constrained by
limitations such as data, time, capacity, and budget. It is a challenging and crucial responsibility of management
to weigh the benefits and drawbacks of various methods in light of available resources and limits. The following
significant technical selection criteria can be used to determine whether a forecasting model is appropriate for
forecasting CO; emission:

e Data availability: By considering the volume of historical data, traditional time series models (such as
ARIMA, AR, MA, and ARMA) and merged time series models (ARIMA-MLR and ARIMA-QR) consistently
provide a better result (both response and predictor variables). In comparison, hybrid models demand more
data than traditional time series models for better approximation, which means that when the in-sample
data set is inadequate, the forecasts are less consistent and precise.

e Time series components: Every time series comprises unobserved components such as regular trends, cyclic,
seasonal, and irregular variations. The classic time series models (ARIMA) are beneficial in identifying and
elucidating any regular and irregular variations caused by these time series components. The hybrid/merged
models (ARIMA-MLR and ARIMA-QR) can explain how some external influencing variables function in
the presence of the time series components.

e Accuracy: In Forecasting CO; emissions, the forecasts are not directly utilized. Instead, they become part of
environmental policy, i.e., the forecast is used to gauge the level of pollution. Thus, policymakers must
address the forecast error, which can be abided by or acceptable to some extent. The findings in Table 5
demonstrate that the ARIMA-MLR and ARIMA-QR models are more accurate than the ARIMA model.
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e Uncertainty: The ARIMA-MLR model's primary drawback is that it only offers point forecasts. The projection
will only supply half the service level because this model only provides mean forecasts. The ARIMA-MLR
model also considers highly volatile and skewed time series with a Gaussian distribution. The extrapolation
of higher quantiles from the mean forecast will not reflect reality because the proper distribution of CO,
emissions is not normal. Another issue is the uncertainty in the data because of expectable and unexpected
effects on CO, emission. In these circumstances, the mean estimates from the ARIMA-MLR model may be
either low or too high in terms of spike CO; emission, which could result in poor decision-making. Also, the
ARIMA-QR model accurately predicts and identifies excessive and sparse CO, emissions. It is helpful to
forecast the higher quantiles directly without relying on normality or quantile extrapolation assumptions.

5. Conclusion

A proper prediction is needed when modeling environmental data to help policymakers make accurate
decisions. However, the time series data of CO, emission is usually skewed to the right with the tail towards high
concentration. This is a significant constraint but is frequently not considered by most analysts or researchers in
forecasting. To solve this problem, it is necessary to establish a time series forecasting model that considers forecast
uncertainty and the influence of external factors like GDP per capita, electricity generation and consumption,
labor force, and urban population. This study established ARIMA-MLR and ARIMA-QR models to forecast
annual CO; emissions in Tanzania. Compared to the ARIMA model, both ARIMA-MLR and ARIMA-QR models
produce more accurate training and test data set forecasts. The ARIMA-MLR model only generates the point
forecast or the mean forecast. The computation of prediction intervals from the point forecast will not accurately
represent reality since the proper distribution of CO, emissions is not normal. Furthermore, the ARIMA-QR
model has the following extra advantages compared to the ARIMA-MLR model:

e It facilitates accurate, direct forecasting of the higher quantiles without extrapolation.

e The quantile regression results provide a precise and focused understanding of the impacts of the variables.

e If future CO2 emission predictions are the primary concern, the model can help to make informed
judgments.
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