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ABSTRACT

Air pollution is a growing environmental issue in Makassar due to rapid urban development and
increasing transportation activity. This study aims to model and predict air pollutant concentrations
using the Random Forest (RF) regression method. The data consist of daily PM2·5, PM10, CO, NO2,
SO2, and O3 measurements from September 2024 to September 2025, totaling 395 observations.
Missing values (14.05%) were addressed using a hybrid approach combining linear interpolation
and multiple linear regression. The RF model was trained under two data-split scenarios (70:30 and
80:20) and evaluated using SMAPE, RMSE, MAE, and R2. The results show that the 80:20 config-
uration provides the best predictive accuracy. CO and O3 yield the most accurate predictions with
SMAPE values of 9.75% and 10.87%, and R2 of 0.973 and 0.964, respectively. PM2·5 and PM10

also show strong performance, with R2 values above 0.84. These results indicate that the RF model
effectively captures pollutant variability and provides reliable forecasts. Overall, Random Forest has
been shown to be a robust and accurate method for predicting air quality in Makassar, supporting
environmental monitoring and early warning systems. Despite its strong performance, this study is
limited to two data-partition schemes and does not incorporate temporal deep-learning architectures.
Future studies may investigate hybrid ensembles or deep learning approaches to determine whether
incorporating sequential modeling further enhances predictive stability.
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A. INTRODUCTION
Air quality has become a critical environmental and public health concern worldwide, particularly in rapidly urbanizing cities

where industrial activities and transportation emissions contribute to elevated pollutant concentrations. Based on daily monitoring
data retrieved from aqicn.org, pollutant levels in Makassar from September 2024 to September 2025 indicate substantial variability,
with PM2 · 5 concentrations peaking above 60, PM10 exceeding 100, NO2 rising above 190, and O3 surpassing 200 during high-
episode periods. The average concentrations of PM2 · 5 and PM10 throughout the study period remained considerably higher than
recommended guideline values, reflecting persistent air quality concerns. These observed fluctuations highlight the urgency of
developing accurate predictive models to support environmental monitoring systems and inform data-driven policy decisions.

Over time, modeling approaches have evolved from traditional statistical techniques to advanced machine learning algorithms
capable of capturing nonlinear and complex pollutant interactions. In Makassar, Rahmat et al. (2023) applied Support Vector Re-
gression (SVR) to forecast air quality and reported promising predictive performance, although further optimization was required.
Farhan et al. (2024) subsequently implemented the Generalized Space-Time Autoregressive (GSTAR) model to account for spatial
and temporal dependencies, demonstrating the importance of dynamic modeling in environmental prediction. Other studies have
used machine learning approaches, such as Support Vector Machines (SVM), to classify air quality levels based on multiple pollutant
parameters and to improve interpretability through data visualization (Lubis et al., 2026), thereby supporting decision-making and
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public awareness. These studies indicate ongoing efforts to enhance predictive and analytical capabilities; however, the increasing
complexity of pollutant interactions necessitates more robust ensemble-based approaches. These studies indicate ongoing efforts to
enhance predictive accuracy; however, the growing complexity of pollutant interactions necessitates more robust ensemble-based
approaches.

Recent studies have increasingly emphasized the superiority of ensemble learning methods, particularly Random Forest (RF),
in handling nonlinear environmental datasets. J. Yang et al. (2023) demonstrated that RF outperformed Radial Basis Function,
Backpropagation Neural Network, and Support Vector Machine models in terms of generalization performance and resistance to
overfitting. Hu and Szymczak (2023) further showed that RF effectively modeled pollutant concentrations characterized by irregular
fluctuations and nonlinear patterns. Similarly, Li et al. (2022) reported that RF successfully captured spatial and temporal variability
in PM2 · 5 concentrations, surpassing several baseline models in predictive accuracy. A more recent urban case study by Alzu’bi et al.
(2024) confirmed that RF maintains strong generalization performance under varying pollution conditions. In addition, L. Yang et al.
(2020) demonstrated that Random Forest can achieve high predictive accuracy (R2 above 0.90) in estimating PM2 · 5 concentrations
using satellite-based inputs, while Sun et al. (2021) further showed that RF is capable of modeling air pollution dynamics at high
temporal resolution with strong performance (R2 up to 0.95). Collectively, these findings establish RF as a reliable and robust
method for environmental prediction; nevertheless, most prior studies focus on specific pollutants, limited geographic regions, or
single data-partition schemes.

Despite the proven effectiveness of Random Forest (RF), studies examining its regression performance for simultaneous multi-
pollutant prediction in Makassar City remain limited. Previous research in Makassar has applied advanced models, such as encoder–
decoder long short-term memory (EDLSTM), to predict AQI and PM2·5 with high accuracy (Soedjarwo et al., 2023), indicating the
potential of machine learning approaches in this domain. However, this study is limited to specific pollutants and does not explore
multiple data-partition scenarios. Therefore, this study addresses these gaps by evaluating the performance of the Random Forest
regression model for multi-pollutant air-quality prediction under different data-splitting schemes, using comprehensive evaluation
metrics to ensure model stability and generalization.

The objective of this research is to evaluate the predictive performance of the Random Forest regression model for estimating
multiple air pollutant concentrations in Makassar City. The model is assessed using SMAPE, RMSE, MAE, and R2 across two data-
partition schemes (70:30 and 80:20) to examine model stability and generalization. The findings are expected to advance ensemble
learning applications in environmental monitoring and support data-driven strategies for local air-quality management. Furthermore,
this study opens the door to future exploration of advanced Random Forest variants, such as the hedged random forest, which has
been shown to further enhance forecasting performance through adaptive tree weighting (Beck & Wolf, 2026).

B. RESEARCH METHOD
The tools used to support the data processing in this research are RStudio and Microsoft Excel. The data used in this study are

secondary data obtained from the aqicn.org platform, sourced from the Makassar air-monitoring station managed by the Ministry of
Environment and Forestry. The dataset consists of daily air-quality measurements from September 2024 to September 2025, covering
six pollutants: PM2·5, PM10, CO, NO2, SO2, and O3, with a total of 395 daily observations per pollutant. Approximately 14.05% of
the dataset contained missing values, mainly in NO2 and PM2·5, which were addressed using linear interpolation and multiple linear
regression imputation to ensure data completeness. After preprocessing, the dataset was analyzed in RStudio using the randomForest
package to fit a Random Forest Regression model. The modeling process was carried out under two data-partition scenarios, namely
70% training–30% testing and 80% training–20% testing, to evaluate the model’s predictive performance across different training
proportions. The predictive accuracy of the model was assessed using Symmetric Mean Absolute Percentage Error (SMAPE), Root
Mean Square Error (RMSE), Mean Absolute Error (MAE), and the coefficient of determination (R2).

1. Random Forest
Random Forest (RF) is a widely used machine learning method for prediction and data analysis, particularly effective in

handling nonlinear and complex datasets. The model operates by constructing an ensemble of decision trees and aggregating
their outputs to produce more accurate and stable predictions. Each tree is trained using a randomly selected subset of data with
replacement (bootstrap sampling), which helps reduce variance and improve model performance (Al-Mahdawi et al., 2023). Jose
and Gopakumar (2019) defined the generalization error of an ensemble classifier using a margin function, which quantifies the
difference between the average vote for the correct class and the highest vote among the competing classes. Given a random
input–output pair (XY ), where X represents the feature vector and Y denotes the true class label, each classifier hk (X) in the
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ensemble produces a prediction. The margin is then defined as the difference between the expected vote for the correct class
Y and the maximum expected vote across all other classes j ̸= Y . This formulation provides a mathematical framework for
evaluating classifier performance, where a larger margin indicates stronger classification confidence. The margin function is
expressed in Equation (1).

mg(X,Y ) =

∑K
k=1 I(hk (X) = Y )

K
− max

j ̸= Y

[∑K
k=1 I(hk (X) = j)

K

]
(1)

One approach to improving the predictive accuracy of the Random Forest model is by increasing its strength. The strength
reflects how well individual decision trees correctly classify the input data. This concept can be mathematically represented as
the expected value of the margin function, expressed as Equation (2):

s = EX,Y mg(X,Y ) (2)

where E denotes the expectation operator over the joint distribution of input X and output Y . From this formulation, it can
be understood that improving model strength requires increasing the margin value, which can be achieved by enhancing the
predictive capability of individual trees within the ensemble. The performance of each tree is influenced by the decisions made
at each node, which are determined by impurity measures. One commonly used metric to evaluate node impurity is the Gini
Diversity Index, defined as in Equation (3).

It = 1−
∑
i

p (i)
2 (3)

where It represents the impurity at node t, i denotes each class, and P (i) is the proportion of observations belonging to class i
at that node. The summation is taken over all classes present in node t. If a node contains observations from only one class, its
impurity is zero, indicating a pure node; otherwise, it is greater than zero (Jose & Gopakumar, 2019).

2. Symmetric Mean Absolute Percentage Error
sMAPE measures the relative accuracy between predicted and actual values and is calculated as in Equation (4).

sMAPE =
2

n

n∑
t=1

|Ft −At|
(|At|+ |Ft|)

× 100% (4)

where At denotes the actual observed value at time t, Ft represents the forecasted (predicted) value at time t, n is the total number
of observations, and the absolute value symbols |·| represent the magnitude of the difference without considering its direction.
sMAPE provides a percentage-based interpretation of prediction error, making it suitable for evaluating model performance
across variables with different scales (Yuliyanto et al., 2023).

3. Root Mean Square Error
RMSE measures the square root of the average squared difference between predicted and actual values and is calculated as

in Equation (5) (Soedjarwo et al., 2023):

RMSE =

√√√√ n∑
t=1

(At)− (Ft)
2

n
(5)

RMSE emphasizes larger errors due to squaring, making it effective for evaluating models where substantial prediction errors
require greater penalization.

Vol. 9, No. 1, February 2026, pp 77–84
DOI: https://doi.org/10.30812/varian.v9i1.6046

https://doi.org/10.30812/varian.v9i1.6046


80 | Muh. Basyar Izabi JURNAL VARIAN | e-ISSN: 2581-2017

4. Mean Absolute Error
MAE measures the average magnitude of the absolute difference between predicted and actual values and is calculated as

Equation (6):

MAE =
1

n

n∑
i=1

|At − Ft| (6)

MAE provides a straightforward interpretation of prediction error, making it useful for evaluating overall model accuracy across
different datasets (Benedict, 2022).

5. Coefficient Determination (R2)
The Coefficient of Determination (R2) quantifies the proportion of variance in the observed data explained by the model in

Equation (7).

R2 = 1−
∑n

t=1 (At − Ft)
2∑n

t=1

(
At − Ā

)2 (7)

A higher R2 value indicates that the model better captures the variance of the actual data, demonstrating its explanatory strength
(Indartini & Mutmainah, 2024).

6. Data Imputation
Missing values within the dataset were addressed using two complementary approaches: linear interpolation and multiple

linear regression. The selection of these methods was based on the temporal nature of air quality data, where concentration values
generally change smoothly over time. For variables with a relatively small proportion of missing values, such as PM2·5 and SO2,
the gaps were filled using linear interpolation, which estimates missing values based on adjacent data points. The formula for
linear interpolation is expressed in Equation (8) (Mansyur et al., 2024).

ŷ (x) = y0 +
y1 − y0
x1 − x0

(x− x0) (8)

where ŷ (x) denotes the estimated interpolated value at point x, while y0 and y1 represent the actual observed values before and
after the missing data points, respectively. The terms x0 and x1 correspond to the time indices of those preceding and subsequent
observations.

Meanwhile, for variables with a higher proportion of missing values, particularly PM10 and NO2, missing values were
imputed using multiple linear regression, with correlated pollutant variables as predictors. The general form of the regression
model is given by:

Y = β0 + β1X1 + β2X2 + β3X3 + . . .+ βnXn + ε (9)

where Y represents the dependent variable (missing data), Xi are the predictor variables, βi denote the regression coefficients,
and ε is the error term. This hybrid imputation approach ensures the dataset’s continuity and consistency while maintaining the
temporal and inter-variable relationships critical for accurate air quality prediction.

7. Data Splitting and Data Training
The cleaned dataset was divided into two configurations: 70% for training and 30% for testing, and 80% for training and

20% for testing. The data partition was performed using random sampling with a fixed random seed to ensure reproducibility
of the results. Specifically, 70% (or 80%) of the observations were randomly selected as training data, while the remaining
observations were used as test data. This approach allows the model to learn from a representative subset of the dataset and
evaluate its predictive performance on unseen data. Training data represent the actual observations used by the model to learn
existing patterns, while testing data serve to evaluate how well the model performs on unseen data (Anggraini et al., 2019). The
proportion between training and testing data is an important factor that influences model accuracy and precision; an inappropriate
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ratio may reduce the reliability of the prediction results (Musu et al., 2021). In machine learning, both data partitions play a key
role, where the system first learns from training data and subsequently applies the learned patterns to testing data for validation
(Irawan, 2021).

The Random Forest regression model was trained separately for each pollutant variable using the randomForest package
in RStudio. The model employed 500 decision trees (ntree = 500) and used the default value for the number of randomly
selected variables (mtry). This configuration follows Breiman’s principle that combining multiple trees in an ensemble reduces
overfitting while maintaining high predictive accuracy.

C. RESULT AND DISCUSSION
1. Data Overview

The first step before conducting further analysis is to describe the air quality data for Makassar City during the observation
period. Descriptive statistics for each pollutant variable are presented in Table 1.

Table 1. The performance of air quality variables

Variable Minimum Median Mean Maximum
PM2.5 1.29 9.52 10.18 25.48
PM10 0.17 14.88 16.49 60.03
CO 0.01 1.01 0.98 3.72
NO2 2.12 49.22 51.53 196.52
SO2 0.02 45.87 47.71 135.85
O3 0.28 66.92 68.09 214.15

Based on Table 1, the average concentrations of air pollutants in Makassar City vary across parameters. The mean con-
centration of PM2·5 was 10.18 with a median of 9.52, while PM10 had an average value of 16.49 and a median of 14.88. The
average CO concentration reached 0.98, and NO2 showed a relatively high mean of 51.53. Meanwhile, SO2 and O3 recorded
mean concentrations of 47.71 and 68.09, respectively. Overall, the variation between minimum and maximum values indicates
dynamic fluctuations in pollutant levels during the observed period.

2. Prediction Performance of Random Forest
To evaluate the Random Forest model’s ability to predict air pollutant concentrations, two data partitioning scenarios were

implemented: 70% for training and 30% for testing, and 80% for training and 20% for testing. The predicted values were
compared with the actual values for each pollutant variable to assess the model’s ability to capture temporal variation and trends.
The following Figures 1 and 2 illustrate the comparison between actual and predicted values for all pollutant variables under both
data-splitting scenarios.

Figure 1. Comparison of actual (blue) and predicted (red) pollutant
concentrations using Random Forest with 70:30 data partition

The comparison plots for the 70:30 data partition show that the Random Forest model successfully captured the general
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fluctuation patterns of all pollutant variables. The predicted lines (red) closely follow the actual observations (blue), indicating
good alignment between the model and the real data. Slight deviations are observed at several peak and trough points, particularly
for SO2 and NO2, which exhibit higher variability. Nevertheless, the prediction trends remain consistent with the actual dynamics
across the observation period. Overall, these results demonstrate that Random Forest can effectively represent the nonlinear and
volatile characteristics of air pollutant data, even with a smaller proportion of training samples.

Figure 2. Comparison of actual (blue) and predicted (red) pollutant
concentrations using Random Forest with 80:20 data partition

The plots for the 80:20 data partition indicate an improved alignment between predicted and actual pollutant concentrations
compared to the previous scenario. The red lines representing the Random Forest predictions appear smoother and more stable,
closely following the actual data across nearly all variables. Deviations are relatively minor, particularly for PM2 · 5, PM10,
and O3, while NO2 and SO2 still exhibit some fluctuations due to their higher temporal variability. The increased proportion
of training data enhances the model’s ability to capture complex relationships and generalize patterns more effectively. Overall,
these results demonstrate that Random Forest achieves higher prediction accuracy and greater consistency when trained on a
larger dataset.

Table 2. Evaluation Metrics of Random Forest Model for Air Quality Prediction

Variable SMAPE SMAPE RMSE RMSE MAE MAE R2 R2

(70:30) (80:20) (70:30) (80:20) (70:30) (80:20) (70:30) (80:20)
PM2.5 10.94% 10.06% 1.949 1.772 1.137 1.064 0.846 0.876
PM10 12.57% 10.74% 4.48 3.917 2.211 1.959 0.835 0.851
CO 13.67% 9.75% 0.12 0.111 0.073 0.069 0.969 0.973
NO2 16.17% 12.72% 20.44 16.59 6.958 5.155 0.782 0.845
SO2 19.93% 19.06% 12.03 13.56 6.42 6.691 0.784 0.706
O3 12.13% 10.87% 9.619 8.618 3.554 3.308 0.959 0.964

Table 2 presents the performance metrics of the Random Forest model across six pollutant variables under two data split
scenarios (70:30 and 80:20). Overall, the model demonstrates strong predictive performance, with most variables showing
improvements when trained using 80% of the data. The lowest error rates were obtained for CO and O3, indicated by SMAPE
values below 11% and R2 exceeding 0.96, reflecting excellent model fit and stability. PM2·5 and PM10 also achieved consistent
results, with R2 values above 0.84, suggesting that Random Forest effectively captures their temporal variation.

In contrast, SO2 exhibited the weakest performance, with the RMSE and MAE slightly increasing under the 80:20 configura-
tion, and R2 declining to 0.706, suggesting that its concentration pattern may be more irregular or less predictable. Nevertheless,
the overall findings confirm that a larger training-to-test split (80:20) enhances model generalization and reduces prediction error,
reinforcing the robustness of Random Forest for air quality prediction in Makassar City.

These findings are consistent with previous studies. J. Yang et al. (2023) demonstrated that Random Forest outperformed
models such as Radial Basis Function, Backpropagation Neural Network, and Support Vector Machine in predicting traffic
accident severity. Similarly, Li et al. (2022) showed that Random Forest effectively captures spatio-temporal variability in PM2·5
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concentrations with strong predictive accuracy, while Hu and Szymczak (2023) highlighted its ability to handle complex, high-
dimensional, and longitudinal data structures.

D. CONCLUSION AND SUGGESTION
This study demonstrates that the Random Forest regression model provides strong predictive performance in estimating air

quality parameters in Makassar City. Across six pollutant variables (PM2·5, PM10, CO, NO2, SO2, and O3), the model consistently
achieved low sMAPE, RMSE, and MAE values, with high R2 scores exceeding 0.84 for most pollutants, indicating high accuracy
and reliability. The 80:20 data split yielded superior performance compared to the 70:30 configuration, emphasizing the benefit of
larger training data proportions in improving generalization and stability. Among all pollutants, CO and O3 yielded the most accurate
predictions, whereas SO2 showed greater variability due to its fluctuating emission patterns. These findings affirm that Random
Forest is an effective and robust approach for modeling complex and nonlinear relationships in air quality data.

For future research, it is recommended to extend this work by comparing Random Forest with other ensemble or deep learning
algorithms, such as Gradient Boosting, XGBoost, or hybrid models, to further enhance prediction accuracy. Additionally, incorpo-
rating meteorological variables and spatiotemporal components could provide a more comprehensive understanding of air pollution
dynamics and enhance the robustness of predictive modeling for urban air quality assessment.
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