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Abstract 
Climate change, driven by increasing carbon dioxide (CO₂) emissions, has become a major global 

challenge, with Asian countries contributing nearly 50% of total worldwide emissions. This study 

aims to model the factors affecting CO₂ emissions in Asian countries using a truncated spline non-

parametric regression approach with panel data from 2020 to 2023. The predictor variables consid-

ered are population density, primary energy consumption, and urban population, while CO₂ emis-

sions serve as the response variable. Optimal knot points were determined using the Generalized 

Cross Validation (GCV) criterion. The results indicate that the model with three knots provides the 

best performance, yielding a GCV value of 0.00004, a Mean Square Error (MSE) of 0.005248, and 

a coefficient of determination (R²) of 99.99206%. The findings reveal that differences in energy 

consumption patterns, industrialization levels, and dependence on fossil fuels contribute signifi-

cantly to variations in CO₂ emissions among countries. The thematic map analysis further shows 

that high emissions are not always associated with high population density or urban population. 

Overall, the selected predictor variables explain almost all variations in CO₂ emissions across Asian 

countries. These findings provide a more comprehensive understanding of emission dynamics and 

offer valuable insights for the development of sustainable energy and environmental policies in the 

Asian region. 

Keywords: CO2 Emissions; Spline Truncated; Population Density; Primary Energy Con-

sumption; Urban Population. 

 

1.  INTRODUCTION 

Climate change is now one of the most pressing global challenges, with widespread impacts on 

ecosystems and human life. One of the main causes is carbon dioxide (CO2) emissions, which 

continue to increase in line with population growth and fossil fuel consumption. In recent years, 

global CO2 output has shown an upward trend. Although it fell sharply in 2020 due to the COVID-

19 pandemic, emissions rebounded in subsequent years, reaching a record high in 2023. In 2020, 

global carbon output fell to 31.5 gigatons due to restrictions on economic activity during the COVID-

19 pandemic [7] . However, this decline was only temporary. In 2021, carbon output increased to 

http://creativecommons.org/licenses/by-nc/4.0/
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36.3 gigatons, up about 6% from the previous year, as fossil fuel-based economic activity recovered 

[8] . This trend continued in 2022 when global emissions reached their highest level of around 36.8 

gigatons, an increase of about 1% from 2021 [9] . According to the [10] , in 2023 global CO2 output 

again reached a record high of 37.4 gigatons, an increase of 1.1% from the previous year. The 

distribution of CO2 emissions around the world is uneven, with Asia contributing around 50% of 

total global CO2 output, up from around 40% in 2015 [3] . This dominance means that Asia must 

play an important role in achieving Sustainable Development Goals (SDGs) 13, Climate Action, 

which emphasizes collective action to tackle climate change. 

Asia’s dominant role in global emissions is evident from the contribution of several of the 

world’s largest CO2-producing countries. According to [14] , the three countries with the largest CO2 

contributions in 2023 were China, the United States, and India, which contributed more than 53% of 

global energy pollution. China’s CO2 emissions rise by 565 million tons to 12.6 gigatons, an increase 

of 4.7%, while India’s emissions increased by 190 million tons to 2.8 gigatons as a result of post-

pandemic economic recovery and a decline in hydropower supply [11] . On the other hand, the United 

States managed to reduce CO2 emissions by 158.5 million tons to 4.64 gigatons due to the shift from 

coal to natural gas and increased use of renewable energy [14] . Not only China and India, several 

other countries in Asia are also among the top 10 highest CO₂ producers in the world. Japan ranks 

5th with emissions of 1.01 gigatons, followed by Indonesia in 6th place with 701.4 million tons, Iran 

in 7th place with 683.6 million tons, Saudi Arabia in 8th place with 620.4 million tons, and South 

Korea in 9th place with 571.2 million tons [2] . This data shows Asia's significant contribution to 

global emissions, which is influenced by differences in energy characteristics and economic 

structures in each country. 

In an effort to model the nonlinear relationship between factors that influence CO₂ emissions, 

the truncated spline nonparametric regression approach is the right choice to use. Spline is a 

nonparametric method that has high flexibility because it is able to divide the observation domain 

into several sub-intervals through knot points, then form a polynomial basis function on each interval. 

This approach allows the model to capture complex relationship patterns. To achieve a balance 

between model complexity and prediction error rates, the Generalized Cross Validation (GCV) 

criterion is used as the basis for selecting the optimal model. Thus, truncated spline regression is not 

only capable of producing estimates that are adaptive to data characteristics, but also maintains the 

validity of inferences through a measurable knot selection mechanism [4] . Panel data 

analysis was chosen in this study because it is capable of studying a group of subjects by considering 

both dimensions, namely data and time, simultaneously. Each cross-section unit is observed 

repeatedly over a certain period of time, thus producing more complete information compared to the 

separate use of cross-section or time series data [1] . By combining the truncated spline 

nonparametric regression method and panel data, this study aims to model CO₂ emissions in Asian 

countries more comprehensively. This approach is expected to provide a clearer picture of the effects 

of population density, primary energy consumption, and urban population on carbon dioxide 

emissions, thereby providing a solid basis for the formulation of environmental and sustainable 

development policies. 

 

2.  METHODS 

2.1 Data Construction 

This study uses secondary data obtained from Our World in Data (https://ourworldindata.org/), 

covering 48 Asian countries observed annually from 2020 to 2023. The response variable (𝑌) is CO₂ 

emissions (metric tons per capita), while the predictor variables consist of population density (𝑋₁), 

primary energy consumption (𝑋₂), and urban population (𝑋₃). Panel data analysis is applied to ac-

commodate both cross-sectional and time-series dimensions, allowing more efficient estimation and 

control over unobserved heterogeneity between countries. 

https://ourworldindata.org/
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2.2 Nonparametric Truncated Spline Regression 

To model the nonlinear relationship between CO₂ emissions and its predictors, a nonparametric 

truncated spline regression is employed. Unlike parametric regression, nonparametric regression 

does not assume a specific functional form, allowing greater flexibility in capturing data patterns 

(Eubank, 1999). The truncated spline model divides the data range into several subintervals con-

nected at knot points, which control curve smoothness [12] . The general form of a truncated spline 

function with one predictor variable is given in Equation (2.1): 

𝑓(𝑥𝑖) =∑𝛿𝑟𝑥𝑖
𝑟 +∑𝛿𝑞+𝑙(𝑥𝑖 − 𝜃𝑙)+

𝑞

ℎ

𝑙=1

𝑞

𝑟=0

 (2.1) 

The truncated component (𝑥𝑖 − 𝜃𝑙)+
𝑞

 is defined as shown in Equation (2.2): 

(𝑥𝑖 − 𝜃𝑙)+
𝑞
= {

(𝑥𝑖 − 𝜃𝑙)
𝑞

0

, 𝑥𝑖 ≥ 𝜃𝑙
, 𝑥𝑖 < 𝜃𝑙

 (2.2) 

where 𝑓(𝑥𝑖) is the truncated spline regression function, 𝑥𝑖 is the predictor variable, 𝑞 is the degree 

of the polynomial, 𝜃𝑙 is the 𝑙th knot point, and 𝛿𝑟 , 𝛿𝑞+𝑙 are the estimated regression parameters. 

If there is more than one predictor variable, the truncated spline nonparametric regression model 

can be written as Equation (2.3): 

𝑦𝑖 = 𝛿0 +∑∑𝛿𝑘𝑟𝑥𝑘𝑖
𝑟

𝑞

𝑟=1

+∑∑𝛿𝑘(𝑞+𝑙)(𝑥𝑘𝑖 − 𝜃𝑙𝑘)+
𝑞

ℎ

𝑙=1

+ 𝜀𝑖

𝑝

𝑘=1

𝑝

𝑘=1

 (2.3) 

where 𝜀𝑖 is a random error term assumed to have mean zero and constant variance. 

2.3 Extension to Panel Data Structure 

In panel data, given 𝑖 = 1,2,… ,𝑚 individuals observed repeatedly over a certain period of time 

𝑗 = 1,2,… , 𝑛, the 𝑞th-order spline function with ℎ knots and one predictor variable can be expressed 

as shown ini Equation (2.4) [13] . 

𝑦𝑖𝑗 = 𝑓(𝑥𝑖𝑗) + 𝜀𝑖𝑗 (2.4) 

The truncated function for panel data follows the structure shown in Equation (2.5): 

(𝑥𝑖𝑗 − 𝜃(𝑞+𝑙)𝑖)+
𝑞
= {(𝑥𝑖𝑗 − 𝜃(𝑞+𝑙)𝑖)

𝑞

0

, 𝑥𝑖𝑗 ≥ 𝜃(𝑞+𝑙)𝑖
, 𝑥𝑖𝑗 < 𝜃(𝑞+𝑙)𝑖

 (2.5) 

If there is more than one predictor variable, the equation can be extended as represented in 

Equation (2.6): 

𝑦𝑖𝑗 =∑𝑓𝑘(𝑥𝑖𝑗) + 𝜀𝑖𝑗     

𝑝

𝑘=1

 

       = ∑(∑𝛿𝑘𝑖𝑟  𝑥𝑘𝑖𝑗
𝑟 +∑𝛿(𝑞+𝑙)𝑘𝑖(𝑥𝑘𝑖𝑗 − 𝜃(𝑞+𝑙)𝑘𝑖)+

𝑞
ℎ

𝑙=1

𝑞

𝑟=0

)+ 𝜀𝑖𝑗

𝑝

𝑘=1

 (2.6) 

When written in matrix notation, it can be expressed as shown in Equation (2.7): 
𝒚 = 𝑿𝜽𝜹 + 𝜺 
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(

𝒚𝟏
𝒚𝟐
⋮
𝒚𝒎

) = (

𝑿𝟏(𝜽𝟏)
𝟎
⋮
𝟎

𝟎
𝑿𝟐(𝜽𝟐)

⋮
𝟎

…
…
⋱
…

𝟎
𝟎
⋮

𝑿𝒎(𝜽𝒎)

)(

𝛿𝟏
𝛿𝟐
⋮
𝛿𝒎

) +(

𝜺𝟏
𝜺𝟐
⋮
𝜺𝒎

) (2.7) 

with 
𝒚𝟏 = (𝑦11, 𝑦12, … , 𝑦1𝑛)

′

⋮
𝒚𝒎 = (𝑦11, 𝑦12, … , 𝑦𝑚𝑛)

′
 

 

In the first-order truncated spline model, the design matrix formed using 𝑝 predictors and ℎ 

knots can be written as follows. 

𝑿𝟏(𝜽𝟏) =

[
 
 
 
 1
1
⋮
1

𝑋111
𝑋112
⋮

𝑋11𝑛

𝑋211
𝑋212
⋮

𝑋21𝑛

…
…
⋱
…

𝑋𝑝11
𝑋𝑝12
⋮

𝑋𝑝1𝑛

(𝑋111 − 𝜃111)

(𝑋112 − 𝜃111)
⋮

(𝑋11𝑛 − 𝜃111)

…
…
⋱
…

(𝑋111 − 𝜃11ℎ)

(𝑋112 − 𝜃11ℎ)
⋮

(𝑋11𝑛 − 𝜃11ℎ)

…
…
⋱
…

(𝑋𝑝11 − 𝜃𝑝11)

(𝑋𝑝12 − 𝜃𝑝11)

⋮
(𝑋𝑝1𝑛 − 𝜃𝑝11)

…
…
⋱
…

(𝑋𝑝11 − 𝜃𝑝1ℎ)

(𝑋𝑝12 − 𝜃𝑝1ℎ)

⋮
(𝑋𝑝1𝑛 − 𝜃𝑝1ℎ)]

 
 
 
 

⋮

𝑿𝒎(𝜽𝒎) =

[
 
 
 
 1
1
⋮
1

𝑋1𝑚1
𝑋1𝑚2
⋮

𝑋1𝑚𝑛

𝑋2𝑚1
𝑋2𝑚2
⋮

𝑋2𝑚𝑛

…
…
⋱
…

𝑋𝑝𝑚1
𝑋𝑝𝑚2
⋮

𝑋𝑝𝑚𝑛

(𝑋1𝑚1 − 𝜃1𝑚1)

(𝑋1𝑚2 − 𝜃1𝑚1)
⋮

(𝑋1𝑚𝑛 − 𝜃1𝑚1)

…
…
⋱
…

(𝑋1𝑚1 − 𝜃1𝑚ℎ)

(𝑋1𝑚2 − 𝜃1𝑚ℎ)
⋮

(𝑋1𝑚𝑛 − 𝜃1𝑚ℎ)

…
…
⋱
…

(𝑋𝑝𝑚1 − 𝜃𝑝𝑚1)

(𝑋𝑝𝑚2 − 𝜃𝑝𝑚1)

⋮
(𝑋𝑝𝑚𝑛 − 𝜃𝑝𝑚1)

…
…
⋱
…

(𝑋𝑝𝑚1 − 𝜃𝑝1ℎ)

(𝑋𝑝𝑚2 − 𝜃𝑝1ℎ)

⋮
(𝑋𝑝1𝑛 − 𝜃𝑝1ℎ)]

 
 
 
 

 

And the vector 𝜹 contains 

𝜹𝟏 = (𝛿0, 𝛿11, 𝛿21, … , 𝛿𝑝1, 𝛿(𝑝+1)1, … , 𝛿(𝑝+𝑘)1)
′

⋮

𝜹𝒎 = (𝛿0, 𝛿1𝑚, 𝛿2𝑚, … , 𝛿𝑝𝑚, 𝛿(𝑝+1)𝑚, … , 𝛿(𝑝+𝑘)𝑚)
′
 

 

To solve the matrix above, the Weighted Least Squares method is used by minimizing the 

weighted sum of squares error as follows in Equation (2.8): 

𝑮(𝜹) = 𝜺′𝑾𝜺 = (𝒚 − 𝑿𝜽𝜹)
′𝑾(𝒚 − 𝑿𝜽𝜹) 

 

where 𝑮(𝜹) is the objective function to be minimized, 𝜺 is the error vector, 𝒚 is the response vector, 

𝑿𝜽 is the design matrix, 𝜹 is the parameter vector, and 𝑾 is the weighting matrix. 

 

Expanding 𝑮(𝜹), the objective function can be written as: 

𝑮(𝜹) = 𝒚′𝑾𝒚− 𝒚′𝑾𝑿𝜽𝜹 − 𝜹
′𝑿𝜽

′𝑾𝒚+ 𝜹′𝑿𝜽
′𝑾𝑿𝜽𝜹 

𝝏 𝑮(𝜹)

𝝏𝜹
 = 𝟎  

𝟎 = −𝟐𝑿𝜽
′𝑾𝒚+ 𝟐𝑿𝜽

′𝑾𝑿𝜽𝜹 

𝑿𝜽
′𝑾𝒚 = 𝑿𝜽

′𝑾𝑿𝜽𝜹 

𝜹̂       = (𝑿𝜽
′𝑾𝑿𝜽)

−𝟏𝑿𝜽
′𝑾𝒚 (2.8) 

Based on the estimation results of 𝜹̂ above, the following equation is obtained through Equation 

(2.9): 

𝒚̂ = 𝑿𝜽𝜹̂ 

= 𝑿𝜽(𝑿𝜽
′𝑾𝑿𝜽)

−𝟏𝑿𝜽
′𝑾𝒚 = 𝑨(𝒉)𝒚 

with 

𝑨(𝒉) = 𝑿𝜽(𝑿𝜽
′𝑾𝑿𝜽)

−𝟏𝑿𝜽
′𝑾 (2.9) 

To obtain the properties of the estimator 𝜹̂, the estimated value and its covariance are reduced 

as follows. 

𝜹̂ = (𝑿𝜽
′𝑾𝑿𝜽)

−𝟏𝑿𝜽
′𝑾𝒚 
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The expected value of the estimator 𝜹̂ can be obtained by taking the expectation of its estimation 

form to show that it is an unbiased estimator, resulting in: 

𝑬(𝜹̂) = 𝑬[(𝑿𝜽
′𝑾𝑿𝜽)

−𝟏𝑿𝜽
′𝑾𝒚] 

 = (𝑿𝜽
′𝑾𝑿𝜽)

−𝟏𝑿𝜽
′𝑾 𝑬(𝒚) 

 = (𝑿𝜽
′𝑾𝑿𝜽)

−𝟏𝑿𝜽
′𝑾𝑿𝜽𝜹 

 = 𝑰𝜹 

𝑬(𝜹̂) = 𝜹 
 

2.4 Model Selection Using Generalized Cross Validation (GCV) 

To determine the optimal number and location of knots, the Generalized Cross Validation 

(GCV) criterion is applied [15] . 

The GCV method can be calculated using the following formula in Equation (2.10): 

𝐺𝐶𝑉 =
𝑀𝑆𝐸(ℎ)

[
1
𝑚𝑛

𝑡𝑟(𝑰 − 𝑨(𝒉))]
2 

(2.10) 

where the Mean Square Error (MSE) is calculated using Equation (2.11): 

𝑀𝑆𝐸(ℎ) =
1

𝑚𝑛
∑∑(𝑦𝑖𝑗 − 𝑦̂𝑖𝑗)

2
𝑛

𝑗=1

𝑚

𝑖=1

 (2.11) 

Where 𝑚 is the number of individuals and 𝑛 is the number of observation periods. Then the optimal 

knot value is the smallest GCV value. 
 

2.5 Model Evaluation 

The coefficient of determination or R-Square is a coefficient that shows how much the variation 

in the independent variable explains the dependent variable [5]. The value of the coefficient of de-

termination ranges from 0 to 1. If the 𝑅2 value is close to 1, then the independent variable provides 

almost all the information needed to predict the dependent variable. However, if the 𝑅2 value is 

smaller, it means that the ability of the independent variable to explain the dependent variable is quite 

limited [6]. The 𝑅2 value can be formulated based on Equation (2.12): 

𝑅2 = 1 −
∑ ∑ (𝑦𝑖𝑗 − 𝑦̂𝑖𝑗)

2𝑛
𝑗=1

𝑚
𝑖=1

∑ ∑ (𝑦𝑖𝑗 − 𝑦̅𝑖)
2𝑛

𝑗=1
𝑚
𝑖=1

 (2.12) 

where 𝑦𝑖𝑗 is the actual value of the response variable for unit 𝑖 in time period 𝑗, 𝑦̂𝑖𝑗 is the predicted 

value from the model, and 𝑦̅𝑖 is the average value of the response variable for unit 𝑖. 
 

3.  RESULT AND DISCUSSION 

3.1 Descriptive Statistic 

Statistical descriptive analysis was performed on all research variables, the results of which are 

presented in Table 1 to provide an overview of the data. 

 

Table 1. Descriptive Statistics 

 Variable Mean StDev Min. Max. 

CO2 Emission (𝑌) 6.381 8.153 0.250 38.840 

Population Density (𝑋1) 431.9 1159.6 2.11 8062.7 

Primary Energy Consumption (𝑋2) 36395 47576 863 208042 
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 Variable Mean StDev Min. Max. 

Urban Population (𝑋3) 60.50 23.59 18.71 100 

 

Based on Table 1, the average CO2 emissions from 48 countries is 6.381 metric tons, which falls 

into the moderate category (5-10 tons per capita). The lowest value is in Yemen in 2023 (0.25 metric 

tons), a condition caused by prolonged conflict that has reduced industrial activity and energy con-

sumption. Conversely, the highest value was found in Qatar in 2023 (38.84 metric tons), which is in 

line with high fossil energy consumption and economic dependence on the oil and gas sector. The 

average population density is 431.9 people/km2, which is classified as low (<500 people/km2). The 

minimum value was recorded in Mongolia in 2020 (2.11 people/km2), which has a very large area 

but a sparse population, while the maximum value was in Singapore in 2023 (8,062.7 people/km2) 

as a densely populated country. The average primary energy consumption is 36,395 terawatt-hours, 

with the lowest value in Yemen in 2021 (863 terawatt-hours) due to damage to energy infrastructure, 

while the highest value is in Qatar in 2023 (208,042 terawatt-hours) due to the dominance of the 

fossil fuel sector. Meanwhile, the proportion of urban population in Sri Lanka in 2020 (18.71%) is 

still dominated by rural residents, while the maximum value of 100% is found in Kuwait and Singa-

pore in 2020-2023 as fully urbanized countries. 
 

3.2 Determination of the Optimum Knot Point 

The best truncated spline nonparametric regression model was determined based on the mini-

mum GCV value. This study compared models with one and two first knot points. The GCV value 

was analyzed using 𝑋1 (Population Density), 𝑋2 (Primary Energy Consumption), and 𝑋3 (Urban 

Population) as predictors of CO2 emissions. 

 

Table 2. Output Based on Minimum GCV 1 Knot 

 Country 
Knot GCV 

𝑿𝟏 𝑿𝟐 𝑿𝟑  

Afghanistan 62.92897 1164.487 26.77662 

0.00671 

Armenia 102.9386 17335.18 63.66555 

Azerbaijan 124.5555 20571.13 57.37355 

Bahrain 1967.97 162722 89.80641 

Bangladesh 1310.403 2976.668 40.07714 

Bhutan 20.54586 18712.53 43.99931 

⋮ ⋮ ⋮ ⋮ 

Yemen 73.54621 909.1252 39.49945 

 

 

Table 3. Output Based on Minimum GCV 2 Knot 

 Country 
Knot 

GCV 
𝑿𝟏 𝑿𝟐 𝑿𝟑 

Afghanistan 
60.2786 1012.22 26.1198 

0.00159968 

63.4338 1193.49 26.9017 

Armenia 
101.085 15708 63.3571 

103.292 17645.1 63.7243 

Azerbaijan 123.361 18463.9 56.5191 
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 Country 
Knot 

GCV 
𝑿𝟏 𝑿𝟐 𝑿𝟑 

124.783 20972.5 57.5363 

Bahrain 
1888.59 153416 89.5436 

1983.09 164495 89.8565 

Bangladesh 
1281.65 2779.01 38.4145 

1315.88 3014.32 40.3938 

Bhutan 
20.2345 12663.3 42.5264 

20.6052 19864.8 44.2799 

⋮ ⋮ ⋮ ⋮ 

Yemen 
69.0783 869.037 38.1069 

74.3972 916.761 39.7647 

 

Table 4. Output Based on Minimum GCV 3 Knot 

Country 
Knot GCV 

𝑿𝟏 𝑿𝟐 𝑿𝟑  

Afghanistan 

60.0262 997.721 26.0573 

0,00004 

60.7834 1041.22 26.2449 

63.1814 1178.99 26.8392 

Armenia 

100.908 15553 63.3277 

101.438 16017.9 63.4158 

103.115 17490.2 63.6949 

Azerbaijan 

123.247 18263.2 56.4377 

123.588 18865.3 56.6818 

124.669 20771.8 57.4549 

Bahrain 

1881.03 152530 89.5185 

1903.71 155189 89.5936 

1975.53 163608 89.8314 

Bangladesh 

1278.91 2760.18 38.2562 

1287.13 2816.66 38.7312 

1313.14 2995.49 40.2355 

Bhutan 

20.2048 12087.1 42.3861 

20.2938 13815.5 42.807 

20.5755 19288.6 44.1396 

⋮ ⋮ ⋮ ⋮ 

Yemen 68.6528 865.219 37.9743 
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Country 
Knot GCV 

𝑿𝟏 𝑿𝟐 𝑿𝟑  

69.9293 876.673 38.3722 

73.9717 912.943 39.6321 

 

Based on the results in Table 2, Table 3, and Table 4, a summary comparison is shown to deter-

mine the best knot model by considering the largest 𝑅2 and minimum GCV, which are presented in 

Table 5. 

 

Table 5. Comparison of the Best Knot Models 

Knot Trial GCV MSE 𝑹𝟐 

1 28 0.006697127 0.02678851 99.95949 

2 378 0.001597693 0.00933097 99.98589 

3 3276 0.00004 0.005248153 99.99206 

 

Table 5 shows that the model with three knots provides the best results. Of the 3276 alternatives 

in the three-knot model, the minimum GCV obtained was 0.00004 with an MSE of 0.005248 and the 

highest 𝑅2 value of 99.99206. This indicates that the model with three knots has the best prediction 

accuracy compared to models with one or two knots. 

 

3.3 Parameter Estimation 

As an illustration, Bhutan was used in the interpretation of the truncated spline regression model 

with three knots, due to the pattern of CO₂ emissions changes during the period 2020 to 2023. The 

parameter estimates at the best knot points can be seen in Table 6. 

 

Table 6. Bhutan Country Parameter Model Estimates 

𝛿060 𝛿161 𝛿261 𝛿361 𝛿162 𝛿163 𝛿164 

1.31 × 10−8 2.71 × 10−7 0.000137 5.83 × 10−7 6.72 × 10−9 4.73 × 10−9 3.44 × 10−9 

 

𝛿262 𝛿263 𝛿264 𝛿362 𝛿363 𝛿364 

−2.33 × 10−5 −6.19 × 10−5 −0.00011 2.80 × 10−8 1.86 × 10−8 1.63 × 10−8 

 

Based on Table 6, the results of panel analysis using truncated splines for Bhutan produced the 

following equation. 

a. Variable 𝑿𝟏 

𝑦̂6𝑗 = 1.31 × 10
−8 + 2.71 × 10−7𝑋16𝑗 + 6.72 × 10

−9(𝑋16𝑗 −  20.2048)+ + 4.73

× 10−9(𝑋16𝑗 − 20.2938 )+ + 3.44 × 10
−9(𝑋16𝑗 − 20.5755 )+ 

or 

𝑦̂𝑗 =

{
 
 

 
 

 

1.31 × 10−8 + 2.71 × 10−7𝑋16𝑗

−1.27 × 10−7 + 2.78 × 10−7𝑋16𝑗 

−2.19 × 10−7 + 2.82 × 10−7𝑋16𝑗

−2.89 × 10−7 + 2.86 × 10−7𝑋16𝑗

,                      𝑋16𝑗 < 20.2048

, 20.2048 ≤ 𝑋16𝑗 < 20.2938

, 20.2938 ≤ 𝑋16𝑗 < 20.5755

,                      𝑋16𝑗 ≥ 20.5755
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b. Variable 𝑿𝟐 

𝑦̂6𝑗 = 1.31 × 10
−8 + 0.000137𝑋26𝑗 − 2.33 × 10

−5(𝑋26𝑗 − 12087.1 )+
− 6.19

× 10−5(𝑋26𝑗 − 13815.5 )+
− 0.00011(𝑋26𝑗 − 19288.6 )+

 

or 

𝑦̂𝑗 =

{
 
 

 
 

 

1.31 × 10−8 + 0.000137𝑋26𝑗
0.28163964 + 0.0001137𝑋26𝑗
1.13681908 + 0.0000518𝑋26𝑗
3.25856508 − 0.0000582𝑋26𝑗

,                      𝑋26𝑗 < 12087.1

, 12087.1 ≤ 𝑋26𝑗 < 13815.5

, 13815.5 ≤ 𝑋26𝑗 < 19288.6

,                       𝑋26𝑗 ≥ 19288.6

  

c. Variable 𝑿𝟑 

𝑦̂6𝑗 = 1.31 × 10
−8 + 5.83 × 10−7𝑋36𝑗 + 2.80 × 10

−8(𝑋36𝑗 − 42.3861 )+
+ 1.86

× 10−8(𝑋36𝑗 − 42.807 )+ + 1.63 × 10
−8(𝑋36𝑗 − 44.1396 )+ 

or 

𝑦̂𝑗 =

{
 
 

 
 

 

1.31 × 10−8 + 5.83 × 10−7𝑋36𝑗

−1.18 × 10−6 + 6.11 × 10−7𝑋36𝑗

−1.97 × 10−6 + 6.3 × 10−7𝑋36𝑗

−2.69 × 10−6 + 6.46 × 10−7𝑋36𝑗 

,                    𝑋36𝑗 < 42.3861

, 42.3861 ≤ 𝑋36𝑗 < 42.807

, 42.807 ≤ 𝑋36𝑗 < 44.1396

,                    𝑋36𝑗 ≥ 44.1396

  

3.4 Model Interpretation 

Based on the truncated spline regression model that has been constructed and estimated, the fol-

lowing is a description of how each predictor variable contributes to the variation in carbon dioxide 

(CO₂) emissions in Bhutan. 

a. The Effect of Population Density (𝑿𝟏) on CO2 Emissions 

Population density and carbon dioxide (CO₂) emissions show a non-linear pattern. If the popu-

lation density is below 20.2048 people/km², each additional 1 person/km² will increase CO₂ 

emissions by 2.71 × 10⁻⁷ metric tons. At densities between 20.2048 and 20.2938 people/km², 

the effect increases to 2.78 × 10⁻⁷ metric tons per additional 1 person/km². Furthermore, in the 

range of 20.2938–20.5755 people/km², an additional 1 person/km² increases CO₂ emissions by 

2.82 × 10⁻⁷ metric tons. Even after density exceeds 20.5755 people/km², an increase of 1 per-

son/km² results in additional emissions of approximately 2.86 × 10-7 metric tons, indicating that 

the more densely populated an area is, the more significant its contribution to emissions. 

b. The Effect of Primary Energy Consumption (𝑿𝟐) on CO2 Emissions 

Primary energy consumption also has a significant effect on CO₂ emissions. At consumption 

levels below 12,087.1 TWh, each additional 1 TWh increases emissions by 1.37 × 10⁻⁴ metric 

tons. However, after exceeding 12,087.1 TWh, the effect reverses, where each additional 1 TWh 

actually increases emissions by 0.0001137 3 metric tons. This increase also occurs in the range 

of 13,815.5–19,288.6 TWh, amounting to 0.0000518 metric tons per additional 1 TWh. After 

consumption exceeds 19,288.6 TWh, the downward effect becomes most significant, with an 

additional 1 TWh associated with a reduction in emissions of around 0.0000582 metric tons. 

This is in line with a report by the Intergovernmental Panel on Climate Change, which explains 
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that when energy consumption is high, the role of renewable energy and energy efficiency be-

comes more important in reducing CO2 emissions.  

c. The Effect of Urban Population (𝑿𝟑) on CO2 Emissions 

The urban population shows an increasingly strong positive correlation with CO₂ emissions. At 

urban population levels below 42.3861%, each 1% increase in the urban population adds 5.83 

× 10⁻⁷ metric tons to emissions. In the range of 42.3861–42.807%, A 1% increase is associated 

with an increase in emissions of 6.11 × 10⁻⁷ metric tons. Furthermore, in the range of 42.807–

44.1396%, an additional 1% of urban population increases emissions by 6.3 × 10⁻⁷ metric tons. 

After exceeding 44.1396%, the effect of urban population becomes even greater, where a 1% 

increase in the urban population results in an additional 6.46 × 10⁻⁷ metric tons of emissions. 

 

3.5 Thematic Map 

Next, thematic maps are displayed to illustrate the grouping of countries in Asia for each predic-

tor, based on the coefficient signs from the estimation results of the three-knot spline truncated panel 

data model. 

 

  
(a) (b) 

 
(c)  

Figure 1.  The effect of Predictor Variables on CO2 Emissions: (a) Population Density, (b) Pri-

mary Energy Consumption, and (c) Urban Population 

 

Based on the thematic map above, each predictor variable shows a different effect on CO2 

emissions in Asian countries. In terms of population density, Kazakhstan is colored orange, which 

means that the country's density is relatively low, but its CO2 emissions remain high because the 

country's economy is still heavily dependent on fossil fuels. For the primary consumption variable, 

the colors vary between countries, indicating differences in energy use influenced by 

industrialization, energy availability, and the socioeconomic conditions of each country. In terms of 

urban population, several countries such as China, Kuwait, Oman, Saudi Arabia, Thailand, and 

Turkmenistan are gray, which means that the level of urban population in these countries is not 
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always in line with high CO2 emissions.  This is due to several other factors such as the energy 

transition in China or dependence on oil and gas in the Gulf countries. 
 

4.  CONCLUSION 

Based on the analysis, the best model was obtained from truncated spline nonparametric regres-

sion with three knot points, resulting in a minimum GCV value of 0.00004, MSE of 0.005248, and 

𝑅² of 99.99206%. These results indicate that almost all of the variation in CO₂ emissions in Asian 

countries can be explained by population density, primary energy consumption, and urban popula-

tion, and confirm the effectiveness of truncated splines in capturing nonlinear relationship patterns. 

In addition, the interpretation of the thematic map shows that each predictor variable has a different 

effect between countries. In the population density variable, for example, Kazakhstan shows high 

emission values despite its low population density, indicating a high dependence on fossil fuels. 

Meanwhile, in the primary energy consumption variable, there are significant differences between 

countries due to variations in industrialization levels and energy sources used. As for the urban pop-

ulation variable, countries such as China, Kuwait, Oman, Saudi Arabia, Thailand, and Turkmenistan 

show that high urban population does not always correlate directly with increased CO₂ emissions. 

This condition can occur due to other factors, such as the use of renewable energy and increased 

energy efficiency, which contribute to reducing emission rates in urban areas.  For further research, 

the analysis can be expanded with a longer time period, wider geographical coverage, or the addition 

of other predictor variables, as well as considering variations in the number of knot points to obtain 

more comprehensive results in support of sustainable energy and environmental policies. 
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