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Abstract: Indonesia's annual CO₂ emissions have increased alongside economic growth and 

rising energy demand, making short-term prediction relevant for environmental planning. This 

study evaluates Linear Regression and Ridge Regression as transparent baseline models for 

predicting Indonesia's total annual CO₂ emissions using public data from Our World in Data 

for 1990–2022. The predictors are GDP per capita, primary energy consumption, and 

population. The data were split chronologically, with 1990–2015 as training data and 2016–

2022 as test data. Ridge Regression used standardized predictors, and its alpha parameter was 

selected on the training period using TimeSeriesSplit. Model performance was evaluated using 

MAE, RMSE, and R², and was compared with Naive Forecast and Linear Trend baselines. 

Linear Regression achieved the best performance on the test data with MAE of 19.181, RMSE 

of 21.384, and R² of 0.887. Ridge Regression produced MAE of 27.693, RMSE of 33.758, and 

R² of 0.719, while still outperforming the simple baselines. These results indicate that although 

regularization is theoretically motivated under multicollinearity, it did not improve, and in this 

case reduced, out-of-sample accuracy on a small annual dataset. The findings should be 

interpreted as predictive performance rather than causal relationships. 
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Indonesian Abstract: Emisi CO₂ tahunan Indonesia meningkat seiring pertumbuhan ekonomi 

dan kenaikan permintaan energi, sehingga prediksi jangka pendek menjadi relevan untuk 

perencanaan lingkungan. Penelitian ini mengevaluasi Linear Regression dan Ridge 

Regression sebagai model baseline yang transparan untuk memprediksi total emisi CO₂ 

tahunan Indonesia menggunakan data publik dari Our World in Data periode 1990–2022. Tiga 

variabel prediktor yang digunakan adalah GDP per kapita, konsumsi energi primer, dan 

populasi. Data dibagi secara kronologis, yaitu 1990–2015 sebagai data latih dan 2016–2022 

sebagai data uji. Ridge Regression menggunakan prediktor yang distandardisasi, dan 

parameter alpha dipilih pada data latih menggunakan TimeSeriesSplit. Kinerja model 

dievaluasi menggunakan MAE, RMSE, dan R², serta dibandingkan dengan baseline Naive 

Forecast dan Linear Trend. Linear Regression menghasilkan kinerja terbaik pada data uji 

dengan MAE 19,181, RMSE 21,384, dan R² 0,887. Ridge Regression menghasilkan MAE 

27,693, RMSE 33,758, dan R² 0,719, namun tetap lebih baik dibandingkan baseline sederhana. 

Hasil ini menunjukkan bahwa meskipun regularisasi memiliki dasar teoretis pada kondisi 

https://research.e-greenation.org/GIJES
https://doi.org/10.38035/gijes.v4i2
https://creativecommons.org/licenses/by/4.0/
mailto:santrisna@student.undiksha.ac.id
mailto:hendra.divayana@undiksha.ac.id
mailto:sunarya@undiksha.ac.id
mailto:santrisna@student.undiksha.ac.id


https://research.e-greenation.org/GIJES                                                           Vol. 4, No. 2, June – August 2026  

181 | Page 

multikolinearitas, penerapannya pada dataset tahunan yang kecil justru menurunkan akurasi 

pada data uji. Temuan penelitian ini sebaiknya dibaca sebagai kinerja prediktif, bukan 

hubungan sebab-akibat. 

 

Keywords: Emisi CO₂, Regresi Linier, Regresi Ridge, Prediksi. 

 

 

INTRODUCTION 

Monitoring carbon dioxide (CO₂) emissions at the national level has become one of the 

primary references for assessing the progress of global climate change policies (IPCC, 2023). 

In the Indonesian context, annual emissions data since the early 1990s reveal an increasing 

trend that corresponds with growth in economic output, energy consumption, and population 

(Ritchie et al., 2026; Wahyudi et al., 2024). A quantitative study covering the period 1990–

2021 found that GDP per capita has a positive and significant effect on Indonesia’s CO₂ 

emissions, while population exerts a significant long-term influence (Wahyudi et al., 2024). A 

similar pattern has also been observed across ASEAN countries, where long-run panel evidence 

identifies per capita income and energy consumption as the two main contributors to regional 

CO₂ emissions (Ponce & Manlangit, 2023), with Indonesia being one of the largest emitters in 

the region (Ritchie et al., 2026). Understanding these dynamics provides an important basis for 

policy formulation, particularly as Indonesia advances toward its 2060 net-zero emissions 

target, which requires more rigorous empirical monitoring (Resosudarmo et al., 2023). 

Predictive approaches provide insights into the future trajectory of carbon emissions (Cai 

et al., 2024; Gurcan, 2024; Karakurt & Aydin, 2023). For countries whose energy systems 

remain heavily dependent on fossil fuels, Karakurt & Aydin (2023) demonstrated that simple 

regression models continue to provide value for emissions forecasting in the BRICS and MINT 

countries, a group that includes Indonesia. At the global level, Costantini et al. (2024) 

compared multiplicative regression models with Random Forest across 117 countries and 

found that both produced satisfactory forecasting performance, although Random Forest 

achieved higher predictive accuracy. In the context of developing countries, Kumari & Singh 

(2023) evaluated six forecasting models, ARIMA, SARIMAX, Holt–Winters, Random Forest, 

LSTM, and Linear Regression, to predict India’s CO₂ emissions. Their results showed that 

LSTM achieved the best performance, while SARIMAX and Holt–Winters also demonstrated 

high forecasting accuracy. The availability of open-access repositories such as Our World in 

Data further facilitates similar analyses by providing consistent annual country-level indicators 

covering economic, energy, and demographic variables (Ritchie et al., 2026). 

Linear Regression is widely employed as a starting point for predictive analysis because 

of its simplicity and the straightforward interpretability of its coefficients (Hastie et al., 2009). 

Model coefficients are estimated by minimizing the sum of squared differences between the 

observed and predicted values. However, this method becomes less reliable when predictor 

variables exhibit similar patterns of variation, as the estimated coefficients become unstable 

and highly sensitive to small changes in the data (Hastie et al., 2009; Luqman et al., 2025). 

Ridge Regression addresses this limitation by introducing an L2 penalty into the 

objective function. This regularization constrains coefficient magnitudes, thereby producing 

more stable estimates in the presence of multicollinearity (Hoerl & Kennard, 1970; Magklaras 

et al., 2024). Recent developments in ridge estimators further reinforce the relevance of this 

method for datasets with highly correlated predictors (Akhtar et al., 2024; Alharthi & Akhtar, 

2025; Shaheen et al., 2023). In macroeconomic datasets, variables such as GDP per capita, 

primary energy consumption, and population frequently exhibit this characteristic because they 

tend to increase simultaneously over time. 

The application of machine learning methods to CO₂ emission forecasting has been 

widely explored across various contexts. Gurcan (2024) employed ensemble learning to 
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estimate motor vehicle emissions, while Cai et al. (2024) developed a hybrid LightGBM–

XGBoost model for carbon emission estimation based on electricity–carbon relationships. 

Begum & Al Mobin (2025) projected emissions for the world's eleven largest emitting 

countries through 2030. A broader comparative study by Ajala et al. (2025) evaluated fourteen 

statistical, machine learning, and deep learning models using daily emissions data from the 

four largest emitting regions, demonstrating that machine learning and deep learning models 

generally outperformed conventional statistical approaches at the daily resolution. At the city 

level, Lei et al. (2024) found that Random Forest outperformed multiple linear regression using 

data from 281 Chinese cities, while Foong et al. (2024) reported that a multilayer perceptron 

(MLP) combined with a nature-inspired optimization algorithm achieved high predictive 

accuracy for the OECD Asia–Oceania region. In Indonesia, a panel study by Kurniawan et al. 

(2025) modeled the determinants of CO₂ emissions in West Java, highlighting the roles of 

population growth, industrial investment, and private vehicle ownership. Unlike these previous 

studies, the comparison between two linear regression variants in the present study is 

positioned as a baseline predictive approach, not to outperform more sophisticated models, but 

to evaluate the extent to which simple regression models can capture the dynamics of 

Indonesia’s national CO₂ emissions. 

This study aims to evaluate the predictive performance of Linear Regression and Ridge 

Regression as baseline models for forecasting Indonesia’s annual total CO₂ emissions over the 

period 1990–2022, using three predictors: GDP per capita, primary energy consumption, and 

population. The performance of both models is compared on the 2016–2022 test dataset using 

Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and the coefficient of 

determination (R²). To provide a more comprehensive evaluation framework, the study also 

incorporates two simple benchmark models, namely the Naive Forecast and Linear Trend. The 

primary focus of this research is prediction rather than causal inference. 

 

METHODS 

This study is quantitative in nature. Two main regression models were compared for the 

task of predicting CO₂ emissions: Linear Regression and Ridge Regression. In addition, two 

simple baseline models were used as a point of comparison to evaluate the performance of the 

regression models against simpler predictive approaches. This study does not aim to draw 

conclusions about the direction of the relationships between variables. 

 

Data Sources and Research Variables 

The data are sourced from the openly available OWID CO₂ and Greenhouse Gas 

Emissions Dataset (Ritchie et al., 2026). This repository contains CO₂ emissions data and 

related indicators for various countries. The dataset was filtered to include data for Indonesia 

from 1990 to 2022, this range was selected because all required variables were fully available 

without any missing values throughout that period. A total of 33 annual observations were 

used. 

Four variables were derived from the dataset: one target variable and three predictor 

variables. The target variable is Indonesia’s total annual CO₂ emissions. The three predictor 

variables consist of GDP per capita, primary energy consumption, and population. GDP per 

capita was not taken directly from the dataset columns but was calculated from the ratio of 

GDP to population for the same year. Details of the variables are presented in Table 1. 

 
Table 1. Research Variables 

Variables Role Definition / Calculation / Unit 

Total Emission CO₂ Target (Y) 
Total emission CO₂ Indonesia; CO2 column; million metric 

tons/year 
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Variables Role Definition / Calculation / Unit 

GDP per Capita 
Predictor 

(X₁) 
gdp / population; US Dollar per capita 

Primary Energy 

Consumption 

Predictor 

(X₂) 
primary_energy_consumption; TWh/year 

Population 
Predictor 

(X₃) 
population; people 

Source: research data 
 

Table 2 shows five rows from the final dataset to provide an overview of the data format, 

units, and the training/test split. The complete dataset is provided in a separate Excel file, and 

the composition of the split is summarized in Table 3. 

 
Table 2. Example of the Structure of Indonesia's Final Dataset for the Period 1990–2022  

Year 
CO₂ (million metric 

tons) 
Predictor and split summary 

1990 154,991 
GDP/capita 3.915,77; energy 600,179 TWh; population 183.501.097; 

Training 

1991 174,754 
GDP/capita 4.210,56; energy 652,938 TWh; population 186.778.239; 

Training 

1992 199,298 
GDP/capita 4.429,40; energy 716,860 TWh; population 190.043.742; 

Training 

2021 632,946 
GDP/capita 12.009.24; energy 2.196,681 TWh; population 276.758.056; 

Testing 

2022 758,021 
GDP/capita 12.552.76; energy 2.749,242 TWh; population 278.830.527; 

Testing 

Source: research data 
 

Table 3. Training and Testing Data Split 

Period Number of Observations Usage 

1990–2015 26 observations Training data 

2016–2022 7 Observations Test Data 

 

 

Data Preprocessing and Data Splitting 

Preprocessing was conducted in stages. The initial dataset was filtered to include only 

Indonesia, then restricted to the 1990–2022 range. The retained columns were adjusted to meet 

the needs of the analysis: year, co2, gdp, population, and primary_energy_consumption. GDP 

per capita was then calculated from the ratio of GDP to population. The final step was a recheck 

to ensure there were no missing values in the variables to be used. 

Specifically for Ridge Regression, the predictor variables were standardized using 

StandardScaler so that differences in units between variables would not interfere with the 

regularization penalty; this choice is consistent with the findings of Sujon et al. (2024), who 

showed that the performance of linear models with regularization is sensitive to the scaling 

technique used. StandardScaler is placed within the pipeline alongside Ridge Regression. Thus, 

the scaling process is learned solely from the training data during each validation iteration, 

thereby minimizing the risk of data leakage (Kapoor & Narayanan, 2023). Linear Regression 

is run directly on the variables’ original scales for prediction evaluation, while standardized 

coefficients are calculated separately to compare the relative contributions of the variables. 

The data was divided chronologically without randomization. The 1990–2015 range was 

designated as the training data, and 2016–2022 as the test data. The temporal nature of the 
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emissions data makes a chronological scheme more appropriate: the model is trained on the 

historical period and tested on the subsequent period. This approach also prevents future 

information from leaking into the training process, which is a common source of data leakage 

in time-series contexts (Kapoor & Narayanan, 2023). 

 

Regression Model and Implementation Workflow 

The model was implemented in a sequential series of steps. First, the Indonesian data for 

the 1990–2022 period was organized, and the variables in Table 1 were prepared. Next, the 

data is divided chronologically into training and test sets. Linear Regression is trained on the 

1990–2015 training data to obtain predictions for 2016–2022. Ridge Regression is trained using 

the StandardScaler and Ridge pipeline, while the optimal alpha value is selected via 

GridSearchCV with TimeSeriesSplit on the training data. Two simple baselines were also 

calculated: Naive Forecast and Linear Trend. After all predictions were obtained, model 

performance was compared using MAE, RMSE, and R². 

Linear Regression seeks a combination of coefficients that relates three predictors, GDP 

per capita, primary energy consumption, and population, to total CO₂ emissions. During the 

training process for the 1990–2015 period, the coefficients were adjusted so that the sum of the 

squares of the differences between the predictions and the actual values was minimized (Hastie 

et al., 2009). The equation is as follows: 

 

 

(1) 

 

where ŷ represents the predicted CO₂ emissions, β₀ is the intercept, and β₁, β₂, and β₃ are, 

respectively, the coefficients for GDP per capita, primary energy consumption, and population. 

After training is complete, the equation is applied to the 2016–2022 test data to generate annual 

predictions. 

Ridge Regression uses the same framework to estimate coefficients for predicting CO₂ 

emissions but adds a component to its objective function. This component is an L2 penalty that 

prevents the coefficients from becoming excessively large when predictors are correlated with 

one another (Hoerl & Kennard, 1970; Magklaras et al., 2024). The objective function for Ridge 

Regression is formulated as: 

 

 

(2) 

 

The first term measures prediction inaccuracy, while the second term imposes a penalty 

on the magnitude of the coefficients. The parameter α controls the intensity of the penalty: a 

larger value of α suppresses the magnitude of the coefficients more strongly (Shaheen et al., 

2023). The value of α was selected using GridSearchCV across 100 candidate values 

distributed logarithmically from 10⁻³ to 10³. The selection of α was performed only on the 

1990–2015 training data using `TimeSeriesSplit` with five-fold cross-validation to ensure that 

the validation process accurately reflected the temporal characteristics of the data. The optimal 

value of α obtained was 0.61359. Once α was set, the final model was trained on the entire 

training dataset and used to predict emissions for the 2016–2022 test data. As additional 

comparators, the Naive Forecast predicts emissions for a given year using the previous year’s 

emission value, while the Linear Trend uses year as the sole predictor. 

 

Model Evaluation 

After predictions for 2016–2022 were obtained from the two main models and the two 

baselines, the results were compared with actual CO₂ emissions for the same years. The 
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difference between the actual and predicted values is called the residual and serves as the basis 

for calculating MAE, RMSE, and R² (Chicco et al., 2021). 

MAE calculates the average magnitude of the residuals without distinguishing the 

direction of the error, so predictions that are higher or lower than the actual values are given 

equal weight. RMSE also measures the magnitude of the residuals, but imposes a greater 

penalty on large errors due to the use of the square. R² indicates how much of the variation in 

the test data is explained by the model; a value closer to 1 indicates a better fit (Chicco et al., 

2021). 

 

RESULTS AND DISCUSSION 

Descriptive Statistics and Correlation 

The four variables used, CO₂ emissions, GDP per capita, primary energy consumption, 

and Indonesia’s population for the period 1990–2022, have different units: emissions in 

millions of metric tons, GDP per capita in dollars, primary energy consumption in TWh, and 

population in number of people. Because their value ranges differ significantly, the trends are 

visualized as indices with a base year of 1990 = 100 so that changes in each variable can be 

compared on a single graph. 

Figure 1 presents these trends, with the X-axis showing the year of observation and the 

Y-axis showing the index values. The indices in the graph are used solely for visualizing trends 

and are not used as inputs for the regression model; the model is trained using the original 

values of each variable. 

 

 
Figure 1. Trend of research variable index for the period 1990–2022 with the base year 1990 = 100 

 

Figure 1 shows a consistent trend: all four variables increased between 1990 and 2022. 

The sharpest increase, measured from the starting point, occurred in CO₂ emissions and 

primary energy consumption. GDP per capita followed with a consistent increase, while the 

population grew at the slowest rate. The uniform direction of change across the variables 

provides an initial indication of a strong correlation that needs to be considered when selecting 

a model. 

The relationships among the variables were further examined using Pearson’s 

correlation, as shown in Figure 2. Pearson’s correlation describes the strength and direction of 

the linear relationship between two variables on a scale from -1 to 1; values close to ±1 indicate 

a strong linear relationship, while values close to 0 indicate a weak relationship. 
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Figure 2. Correlation matrix between research variables 

 

Figure 2 shows that CO₂ emissions are strongly correlated with all three predictors. The 

correlations among the predictors are also high, meaning that all three predictors follow similar 

patterns. In linear regression, such conditions can cause the coefficients to become unstable 

(Hastie et al., 2009; Luqman et al., 2025). For this reason, Ridge Regression was used as a 

comparison because its L2 regularization is specifically designed to mitigate coefficient 

instability under multicollinearity (Hoerl & Kennard, 1970; Magklaras et al., 2024). It should 

be emphasized that high correlation values should not be interpreted as evidence of a cause-

and-effect relationship; these figures merely describe the co-occurrence of patterns during the 

observation period, in line with repeated warnings in the scientific machine learning literature 

regarding the distinction between predictive associations and causal claims. 

The severity of this multicollinearity is clearly evident from the Variance Inflation Factor 

(VIF) values. Calculated over the entire observation period (33 observations), the VIF values 

reached approximately 15 for GDP per capita, 31 for primary energy consumption, and 38 for 

population. These values remained unchanged in both the raw and standardized data, as VIF is 

not affected by scaling. All three values are well above 10, the threshold commonly used to 

indicate serious multicollinearity. This finding reinforces the rationale for using Ridge 

Regression and also helps explain why the population coefficient can be negative, as coefficient 

estimates become unstable when predictors carry highly overlapping information.  

 

Model Evaluation Results 

Table 4 summarizes the performance of Linear Regression, Ridge Regression, and the 

two baseline models on the 2016–2022 test data. Each model produced seven annual 

predictions, and the differences between these predictions and the actual values were used to 

calculate MAE, RMSE, and R². 

 
Table 4. Comparison of Model and Baseline Performance on Test Data (2016–2022) 

Model MAE RMSE R² 

Naive Forecast 42.390 56.910 0.202 

Linear Trend 56.418 69.959 -0.206 

Linear Regression 19.181 21.384 0.887 

Ridge Regression 27.693 33.758 0.719 

Source: research data 
 

Linear Regression performed best on the test data, with an MAE of 19.181, an RMSE of 

21.384, and an R² of 0.887. Ridge Regression yielded an MAE of 27.693, an RMSE of 33.758, 

and an R² of 0.719. Although Ridge Regression did not outperform Linear Regression, its 

https://research.e-greenation.org/GIJES


https://research.e-greenation.org/GIJES                                                           Vol. 4, No. 2, June – August 2026  

187 | Page 

performance was still better than that of the two simple baselines. Naive Forecast produced an 

MAE of 42.390, an RMSE of 56.910, and an R² of 0.202, while Linear Trend produced an 

MAE of 56.418, an RMSE of 69.959, and an R² of -0.206. 

These results indicate that the use of economic, energy, and demographic predictors 

provides better predictive power compared to simple approaches based solely on the previous 

year’s values or annual trends. However, on this small annual dataset, Ridge regularization did 

not yield an improvement in accuracy compared to Linear Regression. This difference should 

be interpreted with caution, as the test data consists of only seven annual observations. 

 

 
Figure 3. Comparison of actual CO₂ emissions and model predictions in 2016–2022 testing data  

 

Figure 3 shows a comparison between actual CO₂ emissions and the predictions from 

Linear Regression and Ridge Regression using the 2016–2022 test data. The X-axis represents 

the year, while the Y-axis represents CO₂ emissions in millions of metric tons. The actual line 

represents the original data, while the other two lines represent the predictions from each 

model. 

Both models follow the general trend of the test data, but Linear Regression appears 

closer to the actual values in some years, particularly in 2019 and 2022. Ridge Regression tends 

to be more conservative due to regularization, resulting in a lower prediction for 2022 than the 

actual value. This visual pattern aligns with Table 4, where Linear Regression has lower MAE 

and RMSE values and a higher R² compared to Ridge Regression. 

For the annual inspection, Table 5 presents the actual values alongside the predictions 

from both models. 

 
Table 5. Comparison of Actual Values and CO₂ Emission Predictions in Testing Data  

Year Current CO₂ Levels Linear Regression Predictions Ridge Regression Prediction 

2016 547.969 520.552 535.888 

2017 570.928 564.122 564.538 

2018 607.378 600.341 590.173 

2019 665.049 640.776 617.591 

2020 623.304 589.174 595.233 

2021 632.946 616.254 614.418 

2022 758.021 775.932 693.906 

Source: research data 
 

In 2022, the actual emissions were 758.021 million metric tons. Linear Regression 

predicted 775.932 million metric tons (a difference of +17.911), while Ridge Regression 
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predicted 693.906 million metric tons (a difference of -64.115). For that final year, Linear 

Regression was closer to the actual value. The magnitude of the Ridge Regression error in 2022 

helps explain why the Ridge Regression error metric is higher than that of Linear Regression. 

 

Comparison of Standardized Predictor Coefficients 

In addition to error metrics, standardized coefficients are used to examine the relative 

contribution of each predictor to the prediction. The coefficients in this section are presented 

on a standardized predictor scale so that the magnitudes of the variables can be compared 

relative to one another. The results are presented in Table 6. 

 
Table 6. Comparison of Predictor Standardized Coefficients on Both Models 

Predictor Variables Linear Regression Ridge Regression 

GDP per Capita 49.534 42.176 

Primary Energy Consumption 111.668 48.711 

Population -49.483 19.615 

Source: research data 
 

Primary energy consumption has the largest standardized coefficient in both models; 

thus, within the models’ predictive space, it is the most informative variable among the three 

predictors. This finding is consistent with the regional literature, which identifies energy 

consumption as one of the main contributors to CO₂ emissions in ASEAN countries (Ponce & 

Manlangit, 2023). GDP per capita also makes a substantial predictive contribution. Population 

has different coefficient signs between Linear Regression and Ridge Regression: negative in 

Linear Regression, but positive in Ridge Regression. This difference in sign indicates that 

coefficient interpretation must be approached with caution when predictors are highly 

correlated. Therefore, the figures in Table 6 should be interpreted as predictive weights within 

the model, rather than as statements about the direction of empirical effects. 

 

Discussion 

The evaluation results show that Linear Regression yields the best predictive 

performance on the 2016–2022 test data. This finding does not match the theoretical 

expectation underlying the use of Ridge Regression, which is relevant because GDP per capita, 

primary energy consumption, and population are highly correlated throughout the observation 

period. This gap does not invalidate that theoretical basis; rather, it indicates that on an annual 

dataset with a limited number of observations, stronger regularization does not always improve 

out-of-sample accuracy. Ridge’s lower performance does not indicate that regularization is 

conceptually irrelevant; rather, it reflects a mismatch between the alpha selection criteria and 

performance on the test data. Further examination shows that at small alpha values (below 0.1), 

Ridge performs on par with Linear Regression; performance only declines sharply as alpha 

increases. The alpha value of 0.61359 selected via TimeSeriesSplit, a procedure that operates 

on a very limited training subset, over-regularizes the Ridge coefficients, causing the model to 

become less responsive and to miss the mark when predicting test data. This effect is most 

evident in the 2022 prediction, which falls far below the actual value. 

Primary energy consumption was the variable with the greatest predictive weight in both 

models. This pattern aligns with the high correlation between primary energy consumption and 

CO₂ emissions previously observed in Figure 2. The direction of this relationship is also 

consistent with a panel study in the ASEAN region, which found that increases in energy 

consumption are associated with nearly proportional increases in CO₂ emissions (Ponce & 

Manlangit, 2023). Although intuitive, it is important to reiterate that a large predictive 

contribution does not constitute evidence of a causal relationship. These findings merely 
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indicate that primary energy consumption was the most helpful variable for the models in 

predicting emissions based on the data structure used. 

The difference in the signs of the population coefficients should also be interpreted as a 

consequence of multicollinearity. In multiple regression, a variable’s coefficient indicates its 

contribution after other variables have been accounted for. Since population, GDP per capita, 

and primary energy consumption all increase over the long term, the model may distribute 

predictive information among variables in ways that do not always align with causal intuition. 

Therefore, this study does not interpret the coefficients as empirical effects but rather as 

weights in the prediction function. 

 

CONCLUSIONS AND RECOMMENDATIONS 

Conclusion 

An evaluation of Linear Regression and Ridge Regression as baseline models for 

predicting Indonesia’s CO₂ emissions for the period 1990–2022 shows that Linear Regression 

performed best on the 2016–2022 test data, with an MAE of 19.181, an RMSE of 21.384, and 

an R² of 0.887. Ridge Regression yielded an MAE of 27.693, an RMSE of 33.758, and an R² 

of 0.719. Although Ridge Regression is theoretically relevant for multicollinearity conditions, 

the results of this study indicate that regularization does not always improve prediction 

accuracy on small annual datasets. Both regression models outperformed the simple baselines, 

namely, the Naive Forecast and Linear Trend, thereby demonstrating that regression models 

based on economic, energy, and demographic indicators can still serve as an initial baseline for 

predicting Indonesia’s CO₂ emissions. Primary energy consumption emerged as the variable 

with the greatest predictive weight in both models; however, this finding should be interpreted 

as a predictive contribution rather than evidence of a causal relationship.  

Suggestions for future research. The main limitation of this study is the small sample 

size, which appears to directly affect the stability of Ridge hyperparameter selection. Therefore, 

the most relevant direction for further development is to expand the dataset, for example, 

through a cross-country approach, so that the cross-validation procedure yields more reliable 

parameter selection. Furthermore, since the initial motivation for using Ridge stemmed from 

strong multicollinearity among predictors, future research could test other methods designed 

for similar conditions, such as Elastic Net or Partial Least Squares, as a comparison to these 

baseline results. 

 

Limitations  

This study has several limitations. First, the test data contains only seven annual data 

points because the data resolution is annual; consequently, performance metrics are sensitive 

to the behavior of individual data points, and estimates of model stability are not as robust as 

they would be with a longer dataset. Second, the scope of the analysis is limited to three 

aggregate predictors and does not include other dimensions such as the energy mix, industrial 

structure, or climate policies; more comprehensive studies of emission determinants, such as 

Kurniawan et al. (2025) for West Java, show that other variables are also relevant when 

available. Third, the 2016–2022 test period includes an unusual disruption in 2020 due to the 

pandemic, which temporarily suppressed global emissions; the model can still track broad 

trends but is not designed to explicitly capture external shocks. Fourth, a linear regression with 

three aggregate predictors is not expected to be on par with more complex machine learning 

approaches such as Random Forest or gradient boosting (Ajala et al., 2025; Costantini et al., 

2024; Foong et al., 2024; Lei et al., 2024). Given these limitations, the results of this study 

should be viewed as an initial, exploratory, and predictive baseline. 

 

 

 

https://research.e-greenation.org/GIJES


https://research.e-greenation.org/GIJES                                                           Vol. 4, No. 2, June – August 2026  

190 | Page 

Recommendations 

Future studies are encouraged to expand the dataset by including longer observation 

periods or multi-country data to improve model generalizability and the stability of 

hyperparameter optimization. Additional explanatory variables, such as renewable energy 

consumption, industrial activity, urbanization, carbon pricing, or climate policy indicators, 

should also be considered to better represent the determinants of CO₂ emissions. Furthermore, 

future research should compare the present baseline models with more advanced machine 

learning and deep learning approaches, such as Elastic Net, Partial Least Squares, Random 

Forest, Gradient Boosting, XGBoost, or Long Short-Term Memory (LSTM), to examine 

whether higher predictive accuracy can be achieved while maintaining model interpretability. 
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