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Abstract  

 

High particulate events or also known as extreme events of PM10, concentrations during pollution 

episodes have led to critical public health and environmental problems in Malaysia. The 

prediction of PM10 concentrations, particularly during high-impact events, remains a challenge 

due to the issue of imbalanced air pollution data when the model trains on more normal events 

and underestimates extreme PM10 concentrations. From the perspective of conservation science, 

this limitation will disrupt the role of early warning and risk mitigation. Therefore, a resampling 

method is crucial to improve model predictions towards these extreme events. This study 

proposed the Moving Block Bootstrapping with a ratio-based (MBB-Ratio) resampling 

technique to enhance predictive modeling during high PM10 episodes. The results show that the 

MBB-Ratio is able to mitigate data imbalance and boost predictive accuracy for extreme PM10 

concentrations when the performance of XGBoost shows a notable improvement, where the 

RMSE, MAE, and MAPE dropped from 108.3010 to 18.9009 (82.5478%), 85.1041 to 13.6975 

(83.905%), and 0.3634 to 0.0644 (82.2785%). This research contributes to the development and 

implementation of the MBB-Ratio resampling approach, specifically tailored to increase the 

representation of extreme events and enhance PM10 concentration prediction, particularly 

towards high-particulate events. Through this integration, the MBB-Ratio can be utilized to 

assist timely conservation efforts from related policies. 

 

Keywords: Particulate Matter; Extreme events; Imbalanced data; Moving Block Bootstrapping  

                  with Ratio-based (MBB-Ratio); Extreme Gradient Boosting (XGBoost) 

 

 

Introduction  

 

Globally, haze events and rapid urbanization cause a crucial air pollution issue when these 

problems produce continuous pressure on the environment and ecosystem [1]. Nitrogen Dioxide 

(NO₂), Ozone (O₃), Sulphur Dioxide (SO₂), Carbon Monoxide (CO), and Particulate Matter (PM) 

are pollutants that highly affect most of the countries [2]. Malaysia has been exposed to 

transboundary haze events repeatedly, where the particulate matter, PM10, is highly concentrated, 

affecting human health and the environment [3]. PM10 is particulate matter less than 10 

micrometers in diameter [3]. High concentrations of PM10 form haze that causes milky air with 

visibility restrictions, which affects human activities and the ecosystem [4]. These increased 

concentrations of these fine particles are often recognized as outliers, extreme, or high particulate 

air pollution events [5]. PM10 is one of the primary pollutants related to respiratory problems such 
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as rhinitis, chronic obstructive pulmonary disease, upper respiratory infections, and asthma [6]. 

Therefore, PM10 concentration prediction during high PM10 events is vital for early steps in 

preserving health, conserving timely alerts, and mitigating public exposure. 

Predicting extreme PM10 concentrations becomes difficult when air pollution is inherently 

imbalanced. The issue of an imbalanced air pollution dataset is the presence of normal 

observations that contain more than extreme air pollution events [7]. This imbalance can pose 

challenges in both classification and regression problems. The classification problems in an 

imbalanced dataset arise due to the presence of a minority class and a majority class [8]. Contrary 

to classification problems, regression problems are an issue when the target variable is continuous 

[9]. The main issue of the imbalanced problem in the air pollution dataset is underestimating the 

extreme events' predictions. This arises when the rare target values appear infrequently, causing 

the model training to follow normal observations and insufficiently capture these rare 

observations and, consequently, perform poorly on these extreme events [10], [11]. Therefore, a 

more comprehensive analysis of data distribution is crucial for enhancing predictive performance 

in imbalanced regression tasks, particularly to achieve a better prediction for high particulate 

events that produce substantial conservation management implications [12].  

 

Strategies for imbalanced domain learning 

As outlined by [8], three main strategies are categorized to address imbalanced 

regression problems: i) resampling, ii) evaluation metrics, and iii) regression models. 

Resampling is the most popular approach, which is typically used by research practitioners in 

dealing with imbalanced regression [10], [13-16]. The purpose of resampling is to change the 

data distribution before utilizing the model development [17]. The primary goal of this 

modification is to encourage the learning algorithm to pay greater attention to high particulate 

events [18]. These methods are widely adopted because resampling does not fix any learning 

algorithm, and the original data set distribution is allowed to be modified [7]. Nevertheless, 

[19] stressed that the success of that approach strongly depends on how the data was modified, 

which is always a challenge for researchers. 

Former research has explored some resampling techniques to emphasize imbalanced 

regression problems. Several researchers overcome the imbalanced regression by applying 

methods that are based on the classification method called Synthetic Minority Oversampling 

Technique (SMOTE) [20]. Among these are SMOTE with Gaussian Noise (SMOGN) [19], 

Geometric SMOTE [21], SMOTE for regression (SMOTER) [22], SMOTE integrated with 

ensemble boosting (SMOTEBoost) [14], and others. SMOTER, SMOGN, and Geometric 

SMOTE produce synthetic observations through interpolation or noise-based techniques. Even 

though some of these approaches enhance the representation of high particulate events, they can 

also introduce noisy and unrealistic data points. As a result, the model may mislead patterns that 

reduce the generalization performance of machine learning models [23], [24]. Introducing 

synthetic data that does not represent real-data characteristics can diminish the integrity of the 

training set, possibly resulting in the model identifying patterns that lack generalizability to real 

observations. Together, the limitations of noisy data may decrease the model's capability to 

accurately predict over the full range of the target distribution, consequently reducing the model’s 

overall prediction performance. Moreover, many of these techniques mainly aim to minimize 

overall prediction error, with limited emphasis on addressing extreme cases. In response to this 

limitation, [25] introduced the theory of imbalanced regression by investigating the correlation 

between the distribution and test error, where label distribution smoothing (LDS) and feature 

distribution smoothing (FDS) techniques were implemented. However, this technique still relies 

on interpolation to generate minority samples, which leads to overfitting.  

Hence, to prevent the noisy and synthetic data and at the same time reduce the error 

prediction for extreme or high particulate events, Moving Block Bootstrapping (MBB) is 

introduced as a resampling method in dealing with the imbalanced air pollution data. MBB is one 
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of the variants that derives from the bootstrapping method, which involves resampling contiguous 

blocks of observed data [26]. This block-based approach improves data quality by maintaining 

the dependencies between consecutive observations, thereby offering a more realistic learning 

environment for predictive models [27]. [28] recommends the use of MBB as an alternative for 

improving the estimation of environmental datasets.  

However, a study from [29] shows that the MBB resampling approach effectively enhances 

the model’s performance in predicting normal events but fails to improve the prediction for high 

particulate events. Therefore, motivated by these constraints, Moving Block Bootstrapping (MBB) 

with a ratio-based resampling method (denoted by MBB-Ratio) is proposed for handling extreme 

values in the imbalanced air-pollution dataset. By intentionally adjusting the sampling to increase 

the representation of blocks containing rare PM10 observations, MBB-Ratio aims to create a more 

balanced dataset that allows the model to learn patterns associated with both normal and extreme 

air quality conditions more effectively. This enhancement is expected to improve the model’s 

generalization, particularly for rare but impactful pollution events that are often underrepresented. 

The use of balanced input data significantly improves the accuracy of advanced models such as 

Extreme Gradient Boosting, which are particularly adept at learning from both normal and extreme 

pollution levels [30], [31], [32]. 

By applying the MBB-Ratio, this study contributed to robust resampling strategies that 

boost the detection and modeling of extreme pollution events. This analytical improvement 

strengthens the reliability of predictive models, helping conservation experts to understand the 

environmental problems associated with episodic air pollution, such as habitat degradation and 

disturbances to ecosystem balance [33]. Furthermore, improving air quality allows better 

awareness about the haze events, simultaneously decreasing their impact on vulnerable 

ecosystems. Timely and accurate predictions are crucial for enabling quick warnings, informing 

public health advisories, and shaping long-term sustainable environmental policies [34].  

 

Experimental part 

Research Flow 

The research flow of this study is shown in Figure 1.  

 

 
Fig. 1. Research Flowchart 
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The figure presents the development of a resampling approach for dealing with high 

particulate events in imbalanced air pollution using the MBB-Ratio strategy in Shah Alam, 

Malaysia. This study obtained the data from the Department of Environment (DOE), Malaysia. 

The air quality data covers from 2013 to 2022. The process starts with data retrieval from DOE. 

Then, before model development, the data goes through the data-processing stage, where the 

focus is on emphasizing the imbalanced data handling by using the MBB-Ratio resampling 

approach. Then, the Extreme Gradient Boosting (XGBoost) machine learning model is applied. 

This model is developed to compare the effectiveness of the XGBoost with the MBB-Ratio 

resampling approach against the original model without the resampling procedure. The model 

accuracy is evaluated based on the performance of Mean Absolute Error (MAE), Mean Absolute 

Percentage Error (MAPE), and Root Mean Square Error (RMSE). Lastly, the MBB-Ratio 

approach is examined to determine whether it can serve as an effective resampling approach or 

vice versa. 

Air Pollution Monitoring Dataset 

The data consists of 83,431 hourly observations for 10 variables, including air pollutants 

and meteorological parameters. Table 1 shows the air pollutants and meteorology variables, 

where the PM10 concentrations for the next 24 hours (PM10, t+24 h) act as the dependent variable 

and the others as independent variables.  

 
Table 1. The air pollutants and meteorological variables 

 

Variable Role of variable 

PM10 concentrations for the next 24 hours (PM10, t+24h) Dependent 

Particulate Matter with an aerodynamic diameter of less than or equal to 10 µg (PM10) Independent 

Sulphur Dioxide (SO2) Independent 

Nitric Oxide and Nitrogen Dioxide (NOx) Independent 

Nitrogen Dioxide (NO2) Independent 

Ozone (O3) Independent 

Carbon Monoxide (CO) Independent 

Wind Speed (WS) Independent 

Wind Direction (WD) Independent 

Relative Humidity (RH) Independent 

Temperature (T) Independent 

 

Data Pre-processing 

In this study, data preprocessing involves data imputation, data transformation, 

imbalanced data treatment, and data partition. Missing value in a dataset is a problem typically 

encountered by researchers in environmental studies. The unavailability of any data restrains the 

capability to accurately conclude or interpret observations [35]. The missing data must be handled 

because full data is essential to perform statistical analysis. This study employed linear 

interpolation for dealing with missing data. According to [36], this linear interpolation technique 

estimates the missing air pollution data better than other methods. 

Several data transformation steps were performed to ensure consistency in units. These 

include unit conversion of gas pollutant variables: SO₂, NO₂, NOₓ, O₃, and CO that were originally 

recorded in parts per million (ppm), an impractically small unit. These variables were converted 

to parts per billion to maintain unit consistency across the dataset. Meanwhile, the wind direction 

(WD) variable, initially expressed in degrees, was transformed into a dimensionless wind 

direction index to support model interpretation [37].  

For data partitioning in this study, a splitting method was implemented, where the model 

performance is effective when the dataset allocates 80% for model development (training set) and 

20% for performance evaluation (testing set) [38]. 

Imbalance Data Treatment 

Resampling strategies are the most common way to deal with an imbalanced dataset [39]. 

In this study, the Moving Block Bootstrapping (MBB) approach will be applied to solve the 
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extreme events in imbalanced regression problems. In case of a lack of experience in econometric 

model specification, block bootstrapping is proposed as one of the most widely used bootstrap 

methods in the domain of time series.  

This study addresses the obstacles of imbalanced regression in predicting extreme PM10 

concentrations. As outlined by [40], the Air Pollution Index (API), presented in Table 2, classifies 

air quality as good, moderate, unhealthy, very unhealthy, and hazardous, which can serve as a 

reference framework for interpreting air quality and guiding management decisions. API is 

recognized as a straightforward and comprehensive method for explaining air quality situations 

that are easily understood by the public [41]. The breakpoint concentration is provided for PM10 

associated with each API category. An API value within the range 101-200 µg/m³ indicates that 

the air quality is unhealthy. This unhealthy API is parallel to the PM10 breakpoint concentration, 

which is 155 µg/m³. Therefore, in this study, a PM₁₀ concentration that is greater than or equal to 

155 µg/m³ is designated as the extreme threshold to represent high particulate pollution events or 

extreme events. Meanwhile, the PM10 breakpoint concentration that is below 155 µg/m³ is 

considered a normal event. Defining a clear extreme threshold is an important strategy that allows 

the MBB procedure to place greater emphasis on capturing these high particulate events. 
 

Table 2. Breakpoint of PM10 concentration 

 

API Air Quality Status Breakpoint of concentration Relevance Threshold 

0-50 Good 0<y<54 Normal events 

 

PM10 <155 µg/m³ 
51-100 Moderate  55≤y<155 

101-150 Unhealthy  155≤y<255  

 

Extreme events 

 

PM10≥155 µg/m³ 

151-200 Unhealthy  255≤y<355 

201-300 Very unhealthy  355≤y<454 

301-400 Hazardous  455≤y<554 

401-500 Hazardous  555≤y<654 

 

Moving Block Bootstrapping (MBB) 

The MBB is a resampling technique to evaluate statistical estimates when faced with time 

series data [42]. The MBB conducts the resampling mechanism exclusively from rows of pre-

formed overlapping blocks. Unlike the conventional bootstrap, MBB differs in that the data is 

resampled in consecutive blocks, rather than by individual values [43]. This approach ensures 

that the temporal structure of the dataset is preserved within each block [26]. 

According to [27], the MBB procedure involves the process presented in figure 2. At the 

preliminary stage, the original is segmented into overlapping blocks of fixed length. The total 

number of overlapping blocks is identified by the equation B= n-Ɩ+1, where n is the total number 

of observations in the dataset and Ɩ is the length of each block. By using the equation b=n/Ɩ, several 

blocks are randomly selected with replacement from the original set. All resampled blocks are 

combined to form a new resampled dataset. 

 

 
 

Fig. 2. The MBB procedure 
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MBB with Ratio-based resampling 

This study applied the MBB-Ratio resampling to address the imbalance between extreme 

and normal PM₁₀ concentration data. The MBB method involves dividing the original dataset into 

overlapping blocks of fixed length. This study employs a 24-hour target, as the prediction pertains 

to the subsequent 24 hours. Blocks were classified as extreme when they contained at least one 

PM10 concentration of 155 µg/m³ or higher, while those with values below this threshold were 

categorized as normal blocks. To develop a more balanced distribution for model training, a 1:1 

block ratio was randomly selected for the extreme and normal blocks. This is inspired by [44], 

[45], where they resampled the data by using a 1:1 block ratio to rebalance the distribution. 

However, this research resampled the data within each respective block to preserve the data 

dependency within the block. All resampled blocks were combined to form a new resampled 

dataset. This approach ensures that the newly formed dataset supports more robust model learning 

and evaluation for imbalanced regression problems. Figure 3 below demonstrates the MBB-Ratio 

process, where a 1:1 block ratio was randomly selected for extreme and normal events. In this 

process, the blocks of equal length (for examples in figure 3, two for normal blocks and two for 

extreme blocks) are independently selected. By enforcing an equal number of extreme and normal 

blocks, the resampled dataset mitigates the imbalance issue and increases the observation of rare 

events during training. Unlike previous resampling that modifies data at each observation level, 

the block-based strategy preserves the temporal dependence of PM10 concentrations within each 

block. This enables the model to better learn patterns of both extreme and normal events in the 

air pollution dataset. 

 

 
 

Fig. 3. MBB-Ratio Process 

 

Model Development 

Extreme Gradient Boosting (XGBoost) 

XGBoost is a high-performing and popular machine learning model that is broadly used 

for classification and regression cases [46], [47]. It follows the concept of gradient boosting, 

where models are built sequentially. The model starts with an initial prediction. The first tree is 

constructed to correct the largest prediction error from this point, and each new tree aims to reduce 

the error of the previous one. In this way, each new tree focuses on reducing the predictions made 

by the previous tree. XGBoost excels because it is fast, accurate, and efficient. It includes 

advanced functions such as a regularization term to prevent overfitting problems [48]. Due to its 

efficiency and accuracy, XGBoost is frequently applied in real-world applications, specifically in 
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air pollution environmental modelling [31], [32], [49], [50], [51]. XGBoost aims to minimize 
the following regularized objective function [52]: 

Obj = L(ø)= ∑ L(ŷi, 𝑦𝑖)i + ∑ Ω(fk)k     (1) 

 

where: L is the loss function that measures the difference between ŷI and yi ;  ŷI is the prediction 

value; yi is the actual value; Ω(fk) is a regularization term that controls the complexity of each 

tree fk, thereby helping to prevent overfitting [53]. 

 

Model Performance 

The models were compared based on the model’s error by using accuracy indicators, 

namely Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), and Root Mean 

Square Error (RMSE). The best model is determined when it has high accuracy, in which the 

performance indicator is closer to zero [54]. Equations (2)-(4) show the performance indicators’ 

formulas used in this study: 

 

MAE =  
1

n
 ∑ |Ŷi −  Yi|

n
i=1      (2) 

 

MAPE = 
1

𝑛
∑

|Yi−Ŷi|

YI

𝑛
𝑖=1      (3) 

 

RMSE =  √
1

n
∑ (Ŷi −  Yi)

2n
i=1     (4)

  

where: n is the total number of observations; Ŷi is the predicted value of PM10, t+24h; Yi is the actual 

value of PM10,t+24h; Y̅i is the mean of the actual value of PM10, t+24h 

 

Results and discussion 

 

Descriptive Statistics Summary for PM10 Concentration with and without MBB-Ratio 

resampling approach 

Table 3 presents the descriptive statistics for PM10 concentrations in Shah Alam from 2013 

to 2022. The table compares the original dataset without resampling and the resampled dataset 

with the MBB-Ratio resampling approach. In the original dataset (without resampling), the 

number of PM10 concentration observations is N=82431. However, when the MBB-Ratio was 

applied, the number of PM10 concentration observations increased to (NMBB-Ratio =137280). The 

application of MBB-Ratio notably boosted both normal and extreme events, when the total 

number of normal events for PM10 concentration observations increased from 81499 to 115044, 

while the total number of extreme events increased from 932 to 22236. Additionally, the mean, 

median, and standard deviation of PM10 concentration increase after the application of the MBB-

Ratio approach to the imbalanced air pollution data. The mean increased from 41.7078 µg/m³ to 

88.92 µg/m³; the median rose from 35 µg/m³ to 61.56 µg/m³; and the standard deviation expanded 

from 31.7368 µg/m³ to 77.65 µg/m³. These increments show that the higher frequency of extreme 

PM10 values was introduced through the MBB-Ratio approach.  

The PM10 concentration’s skewness was evaluated to evaluate the distribution changes 

and the presence of extreme values before and after the application of the resampling approach, 

MBB-Ratio. Before resampling, the skewness of PM10 concentrations was 4.574, indicating a 

strongly right-skewed distribution. However, after the application of the MBB-Ratio, the 

skewness reduced to 1.91, indicating a more balanced distribution when extreme events 

representation is increased. A clearer distribution can be seen from figure 4, which illustrates the 
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distribution of PM10 without and after applying the MBB-Ratio resampling techniques. Figure 4 

demonstrates the PM10 without resampling (blue line) that exhibits a sharp peak with lower 

concentrations and a thin right tail. This reflects a highly right-skewed distribution and relatively 

few extreme cases for the PM10 without resampling. However, after resampling with MBB-Ratio 

(red line), the distribution of PM10 remains right-skewed, but the peak flattens with a broader 

distribution, extending into higher concentrations of PM10 values up to 500 µg/m³. This visual 

change shows that the MBB-Ratio approach added more PM10 extreme concentrations, leading 

to a reduced skewness and more balanced distribution in the air pollution dataset. This pattern 

depicts that resampling with the MBB-Ratio improves the number of extreme air pollution events 

in the dataset, delivering a more balanced distribution for a better further analysis.  
 

Table 3. Descriptive Statistics for PM10 concentrations in Shah Alam with and without the MBB-Ratio resampling approach 

 

 Without resampling Resampling with MBB-Ratio 

Number of PM10 concentration observations in the air 

pollution dataset 

82431 137280 

Number of normal events of PM10 concentration 

observations 

81499 115044 

Number of extreme events of PM10 concentration 

observations 

932 22236 

Mean 41.7078 88.920 

Median 35.000 61.560 

Standard deviation 31.7368 77.650 

Variance 1007.226 6029.960 

Skewness 4.574 1.910 

Minimum 0.630 0.630 

Maximum 575.000 575.000 

 

 

 
Fig. 4. Distribution plot with and without the MBB-RW resampling strategy 

 

Figure 5 presents a correlation heatmap in Shah Alam. The coefficient of correlation 

represents the strength and direction of the relationship between the variables. The heatmap uses 

a color gradient ranging from blue (indicating a strong negative correlation (r = -1)) to red 

(indicating a strong positive correlation, +1), with lighter shades representing weaker 

correlations. It is found that most of the variables demonstrate positive correlation with PM10, 

suggesting a positive relationship between the variables and PM10 concentrations. However, an 

exception is observed in the case of Relative Humidity, where the correlation coefficients show 

a negative relationship between RH and PM10 (r = -0.03).  
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Fig. 5. Air pollution correlation heatmap in Shah Alam 

 

The negative correlation implies that when the humidity level increases, the PM10 is prone 

to decrease slightly [1]. All the parameters have moderate to weak correlations with PM10 

concentration. The correlation of PM10 with CO is r = 0.47, indicating the highest correlation, 

while WD does not correlate with PM10 (r = 0). In air pollution research, PM10 concentrations are 

influenced by multiple contributing factors. Consequently, the correlation between each variable 

and PM10 concentration is typically weak (references). It is important to understand these 

correlations in air quality analysis, especially when the motivation of the study is to develop a 

model and predict extreme pollution events. 

 

The performance of the Extreme Gradient Boosting (XGBoost) Machine Learning 

(ML) model 

Table 4 shows the performance comparison of the ML model, named Extreme Gradient 

Boosting (XGBoost), evaluated for the overall, normal, and extreme events with and without the 

MBB-Ratio resampling approach for hourly PM₁₀ concentration predictions in the Shah Alam 

station from the period of 2013 to 2022. 

 
Table 4. Performance comparison of XGBoost with and without MBB-Ratio resampling approach 

 
  Without resampling With MBB-Ratio 

resampling approach 

Overall dataset MAE 14.2396 12.7727 

 MAPE 0.4815 0.3168 

 RMSE 19.8421 17.5100 

 N 16487 27446 

Normal events MAE 13.4048 12.5953 

 MAPE 0.4830 0.3652 

 RMSE 18.2636 17.2294 

 N 16295 23037 

Extreme events MAE 85.1041 13.6975 

 MAPE 0.3634 0.0644 

 RMSE 108.3010 18.9009 

 N 192 4419 
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The performance indicators, Mean Absolute Error (MAE), Mean Absolute Percentage 

Error (MAPE), and Root Mean Squared Error (RMSE), are provided for the overall, normal, and 

extreme events, together with the total number of observations (N) in each event’s section. 

The results present a clear disparity in modeling performance across different levels. For 

the overall event, the performance of the overall air pollution event without the resampling 

approach shows that the MAE, MAPE, and RMSE values are 14.2396, 0.4815, and 19.8421, 

respectively. When performance is split by normal and extreme event type, the model performs 

reasonably well during normal events, with a reduced MAE, MAPE, and RMSE of 13.4048, 

0.4830, and 18.2636. However, when it comes to extreme pollution events, the performance drops 

to 108.3010, 85.1041, and 0.3634. These sharp error discrepancies show that the models can 

predict well for normal pollution events when the learning algorithm focuses on the most frequent 

cases but exhibit poor predictive accuracy on the extreme events [32].  

The poor performance for extreme scenarios can be attributed to the highly imbalanced 

distribution. Only 192 observations from 16487 total observations belong to extreme events, 

while the normal events account for 16295 observations. This major imbalance in distribution 

causes the model to poorly predict extreme events, since the model will be biased toward the 

normal cases during the model’s training [10], [55], [56]. The result discussed above indicates 

that the model outperforms in predicting normal events but fails to cater for the extreme pollution 

events. This shows that applying a suitable resampling strategy is important to improve model 

robustness and accuracy, especially for underrepresented extreme cases. 

Based on the previous evaluation, it is important to apply the MBB with a 1:1 ratio-based 

approach in tackling the data imbalance issue, especially by increasing the representation of 

extreme PM10 observations. The XGBoost model’s performance on the overall pollution dataset 

shows an improvement when the MAE, MAPE, and RMSE dropped from 14.2396 to 12.7277, 

0.4815 to 0.3168, and 19.8421 to 17.51 after applying the MBB-Ratio approach. These results 

demonstrate that MBB-Ratio is effective for the overall air pollution dataset when it reflects a 

slight but stable improvement in the model’s ability to predict common pollution levels after 

resampling. For normal events, the performance of MBB-Ratio is approximately similar to the 

overall dataset, and the model performed slightly better. The performance of normal events 

increases when the MAE decreases from 13.40 to 12.5953, the MAPE drops from 0.4830 to 

0.3652, and the RMSE is reduced from 18.26 to 17.2294. This suggests a consistent prediction 

for normal pollution events.  

The most notable enhancement was observed in the predictive performance of extreme 

events. After the utilization of the MBB-Ratio, the MAE decreased from 85.1041 to 13.6975, the 

MAPE reduced from 0.3634 to 0.0644, and the RMSE dropped dramatically from 108.3010 to 

18.9009. These improvements can be attributed to the increased representations of extreme events 

in the dataset when resampled with the MBB-Ratio. The number of extreme cases increased from 

192 to 4419, exposing more extreme events for the model’s learning. Integrating the resampled 

data into the XGBoost mechanism helps boost the model’s capability to learn from both normal 

and extreme pollution cases, as the MBB-Ratio method applies a balanced 1:1 ratio, eventually 

enhancing its performance in forecasting high PM₁₀ episodes with greater accuracy. 

The performance of extreme event prediction can also be visualized in Figure 6, which 

presents a performance comparison of the XGBoost model based on the actual vs. predicted 

values before and after MBB-Ratio implementation.  

The figure illustrates the effect of resampling on the model’s ability to predict extreme 

PM10 concentrations (≥ 155 µg/m³), which correspond to unhealthy air quality levels under the 

Malaysian Air Pollution Index (API). Figure 6 presents model A, which represents the actual vs. 

predicted values of extreme events without the resampling approach. Meanwhile, Model B 

presents actual vs. predicted for extreme events with the MBB-Ratio resampling approach. 

Referring to plot form Model A, the predicted values consistently underestimate the actual PM₁₀ 
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concentrations for extreme events, reflecting the model’s bias due to data imbalance. In contrast, 

the plot for Model B demonstrates a much closer alignment between actual and predicted values. 

 
Note: Model A is a model without the MBB-Ratio resampling approach 

Model B is a model with the MBB-Ratio resampling approach. 

 

Fig. 6.  Performance comparison of the XGBoost model based on the actual vs 

predicted values before and after MBB-Ratio implementation 

 

This approach artificially balances the dataset by increasing the representations of extreme 

blocks. As a result, the model has the ability to produce the peaks by increasing the 

representations of the true PM10 concentrations, thus mitigating the imbalance problems, thereby 

improving the prediction accuracy for extreme pollution events, which leads to more high-impact 

air quality detection and conservation-oriented management during high particulate pollution 

episodes. 

 

Conclusion 

 

This research emphasizes attention to the natural difficulty in modeling, estimating, and 

predicting extreme air pollution events in imbalanced datasets. Preliminary results without the 

resampling approach showed that the model continuously underestimates the extreme PM₁₀ 

concentrations. The model's performance increased after resampling using MBB with a ratio-

based 1:1 by better representing the extreme events in the training data, when the error of RMSE, 

MAE, and MAPE shows a reduction from 108.3010 to 18.9009, 85.1041 to 13.6975, and 0.3634 

to 0.0644. Visual comparisons demonstrated notable improvements in peak alignment, 

variability, and magnitude accuracy of predictions. These improvements in predictive 

performance suggest the capability of the MBB-Ratio in addressing data imbalance and 

enhancing model prediction towards extreme events. From a conservation science perspective, 

improved prediction of high PM10 episodes is crucial for predicting periods of highly polluted air 

that can affect the ecosystem, degrade the air quality, and contribute to environmental 

degradation. Overall, enhancing resampling methods in the air pollution field is not only 
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important for improving the air quality forecasting models but also contributes to sustainable 

environmental management by supporting early warning systems and public health decision-

making. In turn, this encourages more proactive conservation actions, such as temporary 

industrial control, traffic control, or public health warnings.  
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