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Air pollution has a substantial negative impact on human wellbeing and health. Cardiorespiratory mortality is one of 
the primary effects of air pollution. In this study, we provide analysis of air pollution, cardiorespiratory mortality and 
the cardiorespiratory mortality is predicted based on air pollution using tree-based ensemble models. The tree-based 
ensemble models utilized in this study are Voting Regressor (VR), Random Forest (RF), Gradient Tree Boosting (GB), 
and Extreme Gradient Boosting (XGBoost). The used dataset contains data for five research locations: Shah Alam (SA), 
Klang (KLN), Putrajaya (PUJ), Cheras, Kuala Lumpur (CKL), and Petaling Jaya (PJ) from January 2006 to December 2016. 
The results show that XGBoost and VR models outperformed the rest of the models with the best evaluation metric 
scores in the Klang study area, XGBoost (MAE:0.005, RMSE:0.010, MAPE:0.70%) and VR (MAE:0.005, RMSE:0.011, 
MAPE:0.70%). The results reveal that the utilized models provided an excellent and accurate prediction of 
cardiorespiratory mortality based on air pollution and can follow the trend of cardiorespiratory mortality. 
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Introduction 
 
According to World Health Organization (WHO), 

cardiovascular diseases (CVDs) cause 17.9 million lives lost per 
year and are the leading cause of death worldwide [1]. In 2016, 
CVDs account for 31% of all worldwide death [2], [3]. CVDs lead 
the cause of mortality and hospitalization throughout the 
world. In 2016, CVD accounted for 14 million disabilities and 
over 900,000 premature deaths in the US. In Iran, CVD was the 
leading cause of disability and death with 23% of diseases and 
40% of all deaths [4]. In Malaysia, CVD has been among the 
primary cause of hospitalization for the past few years [5]. 

Scientific research has reported a strong association 
between cardiovascular diseases and ambient air pollution [6]. 
Furthermore, many diseases such as asthma, lung cancer, 
stroke, respiratory diseases are also attributed to exposure to 
air pollution. Correspondingly, air pollution is one of the 
primary environmental issues in a developing country. It also 
increases mortality and is the leading cause of harmful 
diseases on human health [6]. Air pollution causes over 6.5 
million premature deaths worldwide, which outdoor air 
pollution accounts for over 2 to 4 million deaths every year [1]. 
Many studies have calculated the impact of air pollution and 
mortality in countries such as China, Canada, North America 
and Europe. [7] estimated that in 2015, over 1 million deaths 
in China were attributable to ambient air pollution, whilst [8] 
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estimated over 21,000 annual deaths in Canada. Epidemiological studies confirmed that air pollution caused more than 
381,000 premature deaths in Europe and 68,000 in North America [9]. 

Exposure to air pollution is also strongly linked with non-communicable diseases, including CVDs and respiratory 
illnesses [10]. It is estimated that air pollution exposure contributes more to morbidity and mortality than all other 
environmental factors combined [10]. A study conducted in Tehran, Iran, reveals that air pollution increases the effect of 
mortality due to respiratory diseases [11]. Furthermore, the increased risk of mortality has a strong association with PM!" in 
South Korea and China [12], [13]. Ozone (O#) has a significant association with mortality [14], NO$, PM$.&, and PM!" have 
significant association with increase of mortality also [15]. 

The increasing availability of environmental and hospitalization data has led to a rise in the dataset available for analysis. 
These big datasets come with complexity and difficulty, relying on traditional epidemiological, statistical, and environmental 
models to analyze them. In the past decade, machine learning algorithm has become famous for analyzing and predicting 
multidimensional, complex, and large amount of dataset [16]. Few studies were found for cardio-respiratory mortality 
prediction; for example, artificial neural network (ANN) and nonlinear autoregressive (NAR) models were developed to 
predict the respiratory mortality caused by outdoor air pollution in Ahvaz, Iran. They found CO and NO significantly affected 
mortality due to respiratory diseases, with NAR model showing better performance compared to ANN [17]. 

[18] used the dataset from Kaggle to predict the mortality rates affected by air pollution. The authors used Random Forest 
and Extreme Gradient Boosting (XGBoost) ensemble learning methods. Results show that Random Forest better predicts the 
mortality rate based on air pollution. [19] used Bayesian networks to model the air pollution, climate, and their health 
impacts. The environmental factors, exposure levels, and health outcomes were used to recognize the probabilistic 
dependence structure of the connection between health and the environment. The study results showed that the proposed 
model has good predictive power, and the model can generalize to new time periods and regions. [20] demonstrated that 
the public health knowledge, Remote Sensing datasets, and Geographic Information System (GIS) analysis tools could be 
used to estimate the mortality count due to PM$.&  exposure. The study was conducted in Beijing, China, where the 
concentrations of PM$.& are higher than China’s national standards. The study also presented the regions where mortality 
risk is increasing in Beijing. 

To the best of the authors’ knowledge, this is the first study of mortality prediction based on air pollution that uses huge 
amount and variety of datasets, especially in Malaysia. This study aims to predict the cardio-respiratory mortality caused by 
air pollution at Klang Valley, Malaysia using the cardiovascular mortality and air quality dataset from 2006 to 2016. The 
results and analysis will give crucial insight into the impact of air pollutants on Klang Valley, Malaysia residents. 

 
 
 

Method 
 
Study area 
 

 This study was conducted in Klang Valley, Malaysia. Klang Valley is a Malaysian urban region centred around Kuala 
Lumpur in the state of Selangor. We have used the dataset from 5 study areas in the Klang Valley for this study, namely 
Putrajaya (PUJ), Shah Alam (SA), Klang (KLN), Petaling Jaya (PJ), and Cheras, Kuala Lumpur (CKL). 

The first study area is Putrajaya, with a population of 91,900 [21]. Putrajaya is the federal administrative centre of 
Malaysia’s capital and a planned city. In 1999, due to overcrowding and congested traffic in Kuala Lumpur, the seat of the 
federal government was moved to Putrajaya. The territory of Putrajaya is confined in the Sepang district of Selangor. 
Putrajaya is also a part of the Multimedia Super Corridor (MSC) Malaysia, which encompasses the Klang Valley. 

The second study area in our study is Shah Alam, the first planned city in Malaysia. It was declared as the new capital of 
the state of Selangor in 1978, it has a population of 617,149 residents [22]. The third study area is the former capital of 
Selangor, the royal town of Klang, with a population of 879,867 [23], and it has the 12th busiest transhipment and container 
port of the world [24]. 

Petaling Jaya is the fourth study area of the study. Petaling Jaya is a city located in Petaling District, previously, a satellite 
township for Kuala Lumpur, Malaysia’s capital. Petaling Jaya was given the status of a city on 20 June 2006 and it has a 
population count of 543,415 [25]. The last research location, Cheras, is from the heart of the federal territory of Kuala Lumpur, 
the capital city of Malaysia. It is Malaysia’s largest and most developed city, with a population estimation of 1,809,699 [26], 
and a total area of 243 km$ (94 square miles).  

 
Data 

 
In this research, five different locations were explored, which include Shah Alam (SA), Klang (KLN), Petaling Jaya (PJ), 

Putrajaya (PUJ), and Cheras Kuala Lumpur (CKL). Ten years of data from 2006 to 2016 is used for each study location in the 
study. The Monthly Air Pollution Mortality (MAPM) dataset is used in this study. Daily and monthly air pollution values from 
the chosen monitoring stations are included in the dataset, as well as a count of cardiorespiratory death. The Department of 
Environment (DOE) in Malaysia provided the air quality data, while the Department of Statistics (DOS) in Malaysia provided 
the cardiorespiratory mortality dataset. The mortality dataset provided by DOS contains the basic information of the 
deceased, cause of death and address. The air quality dataset from DOE is engineered using the novel feature engineering 
algorithm [27], and the mortality data provided by DOS is cleaned and combined with air quality engineered data using the 
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spatial feature engineering algorithm [28]. In terms of causes of death, this study considers cardiovascular and respiratory 
deaths. Cardiovascular diseases are represented as I00-I99, and respiratory diseases are represented as J00-J99 in the 
International Classification for Diseases (ICD) [29]. Figure 1 depicts the Air Quality Monitoring (AQM) station’s location, 
which are the focal points of our study areas. 

 

 
 

Figure 1: Air Quality Monitoring Stations in Klang Valley, Malaysia 
  

The dataset is generated using our previous work, with a radius value of 10,000 meters [28]. The radius parameter is an 
important aspect of the inclusion criteria. Researchers can choose the distance between the deceased patient and the AQM 
station. The patients living outside the radius will be excluded from the dataset by the spatial feature engineering algorithm. 

 
Methods 

 
Decision tree and Artificial Neural Network are two of the most popular machine learning algorithms. They give 

significantly contrasting predictions if the training dataset utilized in the algorithms have any perturbation [30]. These 
machine learning prediction algorithms have low bias and high variance. The tree-based ensemble methods are 
recommended to decrease the bias and/or variance [30]. Different models are created and combined as an ensemble to create 
one prediction model in the tree-based ensemble models [31]. Four ensemble models are utilized in the current study, i.e., 
Voting Regressor (VR), Random Forest (RF), Gradient Tree Boosting (GB), and Extreme Gradient Boosting (XGBoost). 

 
Voting Regressor 

 
The Voting Regressor (VR) is created on an intrinsic and simple concept. The concept is to join multiple 

prediction/forecasting models. A final forecast value is calculated using either their average predicted value or a value 
predicted by the majority of the machine learning algorithms in the ensemble. The working of VR is presented in Figure 2. 
VR helps machine learning algorithms with good performance to predict more accurately by balancing out their individual 
weaknesses. 

 

 

Figure 2: Architecture of Voting Regressor 

  
 
Random Forest 

 
Random decision forest or Random Forest (RF) is one of the most commonly utilized decision tree-based learning 

algorithms. It is very popular in both classification and regression problems in machine learning. RF was developed in 2001 
by Leo Breiman [32]. Leo Breiman formulated an algorithm of using uncorrelated trees to create a forest using techniques 
akin to regression and classification of trees. The method included randomized node optimization and bagging. The overall 
working of RF is presented in Figure 3, with colors denoting different uncorrelated trees. In RF, various trees are trained using 
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marginally different data and then joined as a robust prediction model. The predictions carried out by the resulting model’s 
committee are precise compared to individual decision trees in the forest. 

 

 

Figure 3: Architecture of Random Forests 

   
 
Gradient Tree Boosting 

 
Gradient Tree Boosting (GB) or Gradient Boosted Decision Trees is a machine learning algorithm based on a decision tree-

based ensemble model. Researchers consider GB as one of the most effective and versatile machine learning predictive 
models. GB is considered an accurate and efficient method that can be applied for regression and classification problems. In 
GB, various regression trees are placed iteratively in a sequence. Every regression tree is trained by using the output of the 
regression tree before it in the iteration. At each step, a new learner is introduced to optimally reduce the loss function. 
Afterwards, these trees are combined using an additive model, creating a robust and effective ensemble model. The graphical 
illustration of GB is presented in Figure 4, with colors denoting different trees in a sequence. 

 

 

Figure 4: Architecture of Gradient Tree Boosting 

   
 

Extreme Gradient Boosting 
 
XGBoost, formally known as Extreme Gradient Boosting, extends and implements Gradient Boosted Decision Trees. 

XGBoost is specifically designed to enhance the speed and performance of the prediction and avoid the phenomenon of 
overfitting [33]. It is a highly scalable, end-to-end method. It can adapt easily and optimally utilize the resources available in 
the training phase. Data scientists use XGBoost to tackle various machine learning problems, often producing state-of-the-
art results [?]. 

 
 
 
Results and Discussion 

 
The parameters of the Monthly Air Pollution Mortality (MAPM) dataset and their descriptive statistics are provided in 

Table 1. The dataset consists of time series data with a time interval of one month. The data for all stations was collected 
from January 2006 to December 2016. The first parameter, the dataset’s station attribute, contains the geocoded location. 
DOS provides the last parameter, cardiorespiratory mortality count. Rest of the parameters display the monthly statistics air 
pollutants, i.e., sulphur dioxide (SO$), nitrogen oxide (NO), nitrogen dioxide (NO$), nitrogen oxides (NO'), carbon monoxide 
(CO), ozone (O#),, and particulate matter (PM!"). 
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Table  1: Descriptive statistics of Monthly Air Pollution-Mortality datase 
 
  Station   Statistic   𝐒𝐎𝟐*   𝐍𝐎*   𝐍𝐎𝟐*   𝐍𝐎𝐱*   𝐂𝐎 *   𝐎𝟑*   𝐏𝐌𝟏𝟎**   Mortality  
 4*KLN   Mean   0.004   0.016   0.021   0.037   0.99   0.018   64   89  
   Std   0.001   0.004   0.004   0.007   0.23   0.004   19   20  
   Min   0.002   0.007   0.009   0.019   0.52   0.01   41   48  
   Max   0.008   0.035   0.032   0.067   1.64   0.031   159   157  
 4*SA   Mean   0.003   0.017   0.02   0.037   0.79   0.021   52   22  
   Std   0.001   0.004   0.004   0.006   0.19   0.004   16   8  
   Min   0.001   0.01   0.009   0.021   0.46   0.014   34   6  
   Max   0.006   0.026   0.038   0.058   1.33   0.034   147   45  
 4*PUT   Mean   0.002   0.006   0.014   0.02   0.59   0.021   44   47  
   Std   0.001   0.002   0.003   0.004   0.14   0.005   16   15  
   Min   0.001   0.001   0.006   0.011   0.27   0.01   23   19  
   Max   0.005   0.016   0.023   0.035   1.31   0.036   133   77  
 4*PJ   Mean   0.004   0.033   0.029   0.062   1.29   0.015   49   72  
   Std   0.001   0.007   0.004   0.008   0.23   0.003   15   17  
   Min   0.002   0.019   0.017   0.044   0.86   0.009   26   40  
   Max   0.007   0.05   0.039   0.081    1.94   0.026   126   116  
 4*CKL   Mean   0.002   0.017   0.021   0.037   0.86   0.02   49   105  
   Std   0.001   0.005   0.003   0.006   0.18   0.004   14   74  
   Min   0.001   0.005   0.01   0.019   0.5   0.011   30   23  
   Max   0.004   0.029   0.03   0.058   1.77   0.034   116   249  
Note: Highest values are presented as bold numbers. 
**𝜇𝑔/𝑚!, *𝑝𝑝𝑚, Min=Minimum, Std=Standard Deviation, Max=Maximum 

 
 

Table 1 displays the descriptive statistics of the air pollutants and mortality for the five study areas. Maximum, minimum, 
standard deviation and mean of the parameters can be visualized in Table 1. It can be seen that the highest values for each 
attribute are highlighted in Table 1. CKL has the highest mean mortality. CKL is based in Kuala Lumpur, which was then 
developed and the biggest metropolitan in Malaysia. A similar trend is found for the highest mortality count, with CKL leading 
the mortality count with 249 deaths in a month and SA having the lowest mortality mean (22). 

The lowest mean for CO is found in PUT (0.59 𝑝𝑝𝑚), and the highest mean for CO is found in PJ(1.29 𝑝𝑝𝑚). The lowest 
mean for O# is found in PJ (0.015 𝑝𝑝𝑚), and the highest mean for O# is found in SA (0.021 𝑝𝑝𝑚). The lowest mean for PM!" is 
found in PUT(44 𝜇𝑔/𝑚#), and the highest mean for PM!" is found in KLN (64 𝜇𝑔/𝑚#). The lowest mean for NO' (0.020 𝑝𝑝𝑚) 
and NO$ (0.014 𝑝𝑝𝑚) is found in PUT and the highest mean for NO' (0.062 𝑝𝑝𝑚) and NO$ (0.029 𝑝𝑝𝑚) is found in PJ. The 
lowest mean for NO is found in PUT(0.006 𝑝𝑝𝑚), and the highest mean for NO is found in PJ (0.033 𝑝𝑝𝑚). The lowest mean for 
SO$ is found in PUT (0.002 𝑝𝑝𝑚), CKL (0.002 𝑝𝑝𝑚), and the highest mean is found in KLN (0.004 𝑝𝑝𝑚) and PJ(0.004 𝑝𝑝𝑚). After 
observing the descriptive statistics of the dataset, we can conclude that there is no pattern found for the lowest or highest 
mean for the mortality and air pollutant in any study areas. 

 
Model Results and Comparisons  

 
Four tree-based ensemble models are used in this study to predict the cardiorespiratory mortality count based on air 

pollution. The monthly mortality count and major air pollutants, i.e., CO, O#, NO', PM!", NO, SO$, and NO$ are used to train and 
predict the mortality count. The tree-based ensemble models are trained on 70% of the data (92 months), and prediction is 
carried out on 30% of the data (40 months).  

 

 
Klang 
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Putrajaya 

 
Petaling Jaya 

 
Cheras, Kuala Lumpur 

   
Figure 5: Comparison of mortality predictions 
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Figure 10 presents the results of test data using the tree-based ensemble models. Every graph represents a study area. 
The results clearly indicate that the developed models (ensemble models) can be used for mortality count prediction using 
air pollution accurately. The models can also track mortality trends and make predictions based on that data. All tree-based 
ensemble models performed well in all study areas, but the performance of VR was found better than the others. XGBoost 
performed better than all models in three study areas, i.e., KLN, PUT and CKL. VR performed better than all models in two 
research locations, i.e., SA and PJ. 

 
 

Table 2: MAE, RMSE and MAPE Comparison - Mortality prediction 
   

  Station   Model   MAE   RMSE   MAPE (%)  
 41.2cmKLN   GB   0.008   0.015   1.1  
   RF   0.009   0.016   1.2  
   XGBoost   0.005   0.010   0.7  
   VR   0.005   0.011   0.7  
 41.2cmSA   GB   0.021   0.035   3.5  
   RF   0.02   0.035   3.3  
   XGBoost   0.014   0.025   2.3  
   VR   0.009   0.014   1.6  
 41.2cmPUT   GB   0.009   0.015   1.3  
   RF   0.009   0.017   1.4  
   XGBoost   0.006   0.011   0.9  
   VR   0.010   0.013   1.4  
 41.2cmPJ   GB   0.009   0.015   1.1  
   RF   0.008   0.015   0.9  
   XGBoost   0.007   0.014   0.9  
   VR   0.004   0.006   0.5  
 41.2cmCKL   GB   0.026   0.045   4.3  
   RF   0.032   0.055   5.3  
   XGBoost   0.013   0.022   1.8  
   VR   0.026   0.038   4.0  

Note: The best results for MAE, RMSE and MAPE are underlined. 
 
 

Table 2 presents the MAE, RMSE and MAPE values for each model by study area. RMSE is often used as the primary 
criteria for predictive models in data science. The RMSE values for the tree-based ensemble models indicate that the XGBoost 
and VR models performed better than the other models. RMSE values of XGBoost were better than all models in three study 
areas, i.e., KLN, PUT and CKL. RMSE values of VR were better than all models in two study areas, i.e., SA and PJ. Other models 
used in the study performed quite well too. 

The RMSE is always bigger or equal to the MAE values, as the RMSE assigns greater weight to the largest errors. As a 
result, when significant residual errors are undesirable, comparing the RMSE and MAE values is useful. The MAE values for 
the tree-based ensemble models employed in this research are also included in Table 2. The same trend for performance is 
visible in MAE values, with XGBoost and VR performing better than the other models. MAE values for XGBoost and VR show 
that the models do not have large residual errors, which is significant for our study as we predict mortality count, a crucial 
and sensitive parameter. All other models also performed well in MAE, with small residual errors. 

Table 2 also shows the MAPE values, which is the third performance evaluation matric used in the study. The accuracy 
of MAPE is expressed as a percentage of the total error. As MAPE is presented as a percentage, it is easier to understand than 
the other evaluation metrics. The values of MAPE in the Table 2 reiterate that the performance of the utilized approaches is 
excellent, with XGBoost and VR models performing better than the other models. MAPE values of XGBoost were better than 
all models in two study areas, i.e., PUT and CKL. MAPE values of VR were better than all models in two research areas, i.e., SA 
and PJ. XGBoost and VR models had the same MAPE value for the KLN study area. In terms of MAPE, other models used in 
the study performed good as well. 

The results imply that air pollutants readings can be utilized for prediction of cardiorespiratory mortality of residents of 
Klang Valley, Malaysia correctly. A fascinating part of our study is that various tree-based ensemble models are utilized, and 
all of them can accurately predict mortality count. As a result, we can indicate that air quality control is critical, and air quality 
warning systems can help regulate pollutant emissions in the atmosphere [34] and that air quality regulation should be 
continued and strengthened rigorously as it has a definite effect on cardiorespiratory mortality. 

To the best of knowledge of the authors, a study of this volume and scope has never been done previously, especially in 
the setting of Malaysia. Three studies offer the most accurate attempts to predict the effects of air pollution on mortality 
rates [18]–[20], and one Kaggle inClass competition [35]. These studies also have limitations, i.e., none or limited use of 
temporal data [18]–[20], lack of spatial parameters [18], lack of validation with real data [18], [20]. Our results can conclude 
that mortality prediction can be achieved using historical air quality and mortality data. Using a patient’s residential address 
as an exposure association parameter is one of the study’s limitations. It is a general practice to use the residence location as 
air pollution exposure indication, as it is easier to monitor and collect, and it is used in a variety of researches [36]–[38]. We 
intend to analyze the relationship between air pollutants and mortality in future studies and quantify the impact of reduced 
air pollution on cardiorespiratory mortality. Future work for this study could also include reducing misclassification of air 
pollution exposure by incorporating a quantitative, location-specific, individual-level air pollution exposures and comparing 
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exposure levels throughout the cohort. Our findings also reveal that daily air quality can be used for mortality prediction and 
the relationship between latency and mortality, whether it is for daily or monthly predictions. 

 
 
 

Conclusions and Recommendations 

The study was conducted to predict the cardiorespiratory mortality in Klang Valley, Malaysia using air pollutants. Seven 
study areas are chosen for the study, ranging from relatively smaller cities to heavily populated urban areas. The descriptive 
statistics of the dataset generated using air quality data from DOE and mortality data from DOS revealed that the highest 
values for air pollution and mortality are found in densely populated and urban areas of Klang Valley. The correlation 
between air pollutants NO, NO$ , CO, O# , NO' , PM!" , and SO$  and cardiorespiratory mortality was studied and no obvious 
pattern was found. The prediction was carried out using four tree-based ensemble approaches, i.e., Voting Regressor (VR), 
Random Forest (RF), Gradient Tree Boosting (GB), and Extreme Gradient Boosting (XGBoost). The results demonstrated that 
all tree-based ensemble models in the study could predict cardiorespiratory death. XGBoost and VR models outperformed 
the rest of the models with the best evaluation metric scores. Therefore, we infer that there is a link between air pollution 
and cardiorespiratory mortality because we were able to predict cardiorespiratory mortality using air pollutants accurately, 
and we further propose that continual efforts be made to control ambient air quality, as it has a significant impact on 
cardiorespiratory mortality among the population in the Klang Valley, Malaysia. 
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