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Abstract Air pollution has a serious and adverse effect on human health, and 10

it has become a risk to human welfare and health throughout the globe. In this 11

paper, we present the modeling and analysis of air pollution and cardiorespi- 12

ratory hospitalization. This study aims to investigate the association between 13

cardiorespiratory hospitalization and air pollution, and predict cardiorespi- 14

ratory hospitalization based on air pollution using the Artificial Intelligence 15

(AI) techniques. We propose the Enhanced Long Short-Term Memory (EL- 16

STM) model and provide a comparison with other AI techniques, i.e., Long 17

Short-Term Memory (LSTM), Deep Learning (DL), and Vector Autoregressive 18

(VAR). This study was conducted at seven study locations in Klang Valley, 19

Malaysia. The prediction results show that the ELSTM model performed sig- 20

nificantly better than other models in all study locations, with the best RMSE 21

scores in Klang study location (ELSTM: 0.002, LSTM: 0.013, DL: 0.006, VAR: 22

0.066). The results also indicated that the proposed ELSTM model was able 23
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to detect and predict the trends of monthly hospitalization significantly better24

than the LSTM and other models in the study. Hence, we can conclude that25

we can utilize AI techniques to accurately predict cardiorespiratory hospital-26

ization based on air pollution in Klang Valley, Malaysia.27

Keywords air pollution · health · air quality · predition · machine learning ·28

hospitalization · hospital admissions29

1 Introduction30

Air pollution is among the main contributors to climate change throughout the31

world, and it is considered one of the most significant environmental challenges32

of the 21st century. According to WHO, Ninety-two per cent of the human33

population are breathing dirty air, and air pollution is attributed to 6.5 million34

deaths (11.6% of all deaths) worldwide (WHO et al., 2016). Air pollution,35

especially, urban air pollution has become a risk to human welfare and health36

throughout the globe as more than 50% of the world’s population lives in urban37

areas and this number will increase to 70% by 2050 (Kampa and Castanas,38

2008; Liu et al., 2013; Usmani et al., 2020e).39

Air pollution is also associated with cardiorespiratory hospitalizations, i.e.,40

respiratory hospitalizations are associated with nitrogen dioxide (NO2) (Chen41

et al., 2020; Tajudin et al., 2019), nitrogen oxide (NO) (Barnett et al., 2005),42

sulfur dioxide (SO2) (Tajudin et al., 2019), ozone (O3) (Soleimani et al., 2019),43

and particulate matter (PM) (Chen et al., 2020), and cardiovascular hospital-44

izations are associated with PM (Sokoty et al., 2021; Wang et al., 2018), NO245

(Wang et al., 2018), SO2 (Amsalu et al., 2019), and (O3 (Raza et al., 2019;46

Sokoty et al., 2021). Moreover, asthma hospitalizations are associated with47

NO2, carbon monoxide (CO), and PM (Lee et al., 2002; Lin et al., 2002). How-48

ever, there are very few studies available that predict hospitalizations based49

on air pollution. The daily hospital admissions resulting from air pollution50

are considered a leading issue in the field of environmental science, and an51

improvement in the available applied methodologies to estimate and predict52

air pollution based hospital admissions is essential (Araujo et al., 2020).53

Asthma is one of the most common respiratory diseases and its attacks54

are affected by environmental factors such as meteorological factors and air55

pollutants. With the rise in air pollution around the world, asthma patients56

are at considerable risk. Alharbi and Abdullah (2019) argued that healthcare57

suppliers could adequately plan and deliver the services and provide resources58

to asthma patients if the need for their services is predicted (Alharbi and Ab-59

dullah, 2019). The authors use the linear regression model and the quantile60

regression model to predict the need for asthma care services in Polk, Iowa,61

USA. The results indicated that the weather variables provide better results,62

even with a low correlation between them. Chaves et al. (2017) conducted a63

similar study to accurately predict the number of asthma and pneumonia hos-64

pitalizations associated with air pollution in the city of São José dos Campos,65
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São Paulo State, Brazil, using a computational model with fuzzy logic based 66

on Mamdani’s inference method. 67

The recent studies in the prediction of hospitalizations based on air pollu- 68

tion are utilizing the Artificial Intelligence (AI) and Machine Learning (ML) 69

techniques as AI and ML are found to be very helpful in solving numerous 70

problems (Bellinger et al., 2017; Jones et al., 2016; Kang et al., 2018), par- 71

ticularly the problems related to a large amount of data (Bilal et al., 2020; 72

Huck, 2019; Le and Cha, 2018; Ngiam and Khor, 2019; Zaree and Honarvar, 73

2018), which is usually the case in health impact studies. Araujo et al. (2020) 74

(2020) showed significant improvements in estimating the respiratory hospital 75

admissions due to meteorological variables and particulate matter in Camp- 76

inas and São Paulo cities, Brazil using Artificial Neural Network (ANN) and 77

ensemble methods . In another study to investigate the association between 78

ambient air pollution and respiratory admissions, the Support vector regres- 79

sion (SVR) was applied to predict daily respiratory admissions based on air 80

pollution (Zhou et al., 2019). The results show that air pollution was signif- 81

icantly associated with daily respiratory admissions, duration, and economic 82

impact, and SVR successfully predicted daily respiratory admissions. Similarly, 83

Abedi et al. (2020) conducted a time series study in Isfahan, Iran to investigate 84

the validity of the relationship between air pollution and cardiovascular and 85

respiratory hospitalization. The results show that the air quality index (AQI) 86

significantly impacts cardiovascular hospitalization in both the long and short 87

run. The results also indicate that the AQI has a stronger relationship with 88

cardiovascular hospitalizations than respiratory hospitalizations. 89

To the best of our knowledge, a study of this variety and volume is not 90

carried out before, especially in a Malaysian context. The closest attempts to 91

predict air pollution’s effects on hospitalization rates are presented in a few 92

recent studies (Abedi et al., 2020; Alharbi and Abdullah, 2019; Araujo et al., 93

2020; Chaves et al., 2017; Zhou et al., 2019). The limitations of these stud- 94

ies can be categorized into i) limited scope (Abedi et al., 2020; Alharbi and 95

Abdullah, 2019; Araujo et al., 2020; Chaves et al., 2017; Zhou et al., 2019) ii) 96

limited parameters (Alharbi and Abdullah, 2019; Araujo et al., 2020; Chaves 97

et al., 2017) iii) use averaged air pollution data from one location for other 98

locations (Abedi et al., 2020; Chaves et al., 2017; Zhou et al., 2019). The 99

study’s aims include i) investigation in the associations between cardiorespira- 100

tory hospitalizations and air pollution, ii) prediction of the cardiorespiratory 101

hospitalizations based on air pollution. To achieve these aims, we propose the 102

Enhanced Long Short-Term Memory (ELSTM) model and provide a compar- 103

ison with other AI techniques, i.e., Long Short-Term Memory (LSTM), Deep 104

Learning (DL), and Vector Autoregressive (VAR). The ELSTM model per- 105

forms the location-based prediction while utilizing the time-series nature of 106

temporal parameters. 107
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2 Methods and Materials108

2.1 Study Location109

This study is conducted in Klang Valley, Malaysia. Malaysia consists of two110

geographical regions divided by the South China Sea. East Malaysia is made111

up of the two largest states, Sabah and Sarawak, and West Malaysia consists112

of eleven states and three federal territories. Klang Valley is an urban region113

in West Malaysia that is centered in Kuala Lumpur. Klang Valley includes114

Kuala Lumpur’s adjoining cities and towns in the state of Selangor. The study115

locations are presented in Figure 1. The study areas used in this study are116

scattered around the Klang valley, also known as Greater Kuala Lumpur, is117

an urban agglomeration of 7.564 million people as of 2018 (UN DESA, 2019).118

It is among the fastest growing metropolitan regions in Southeast Asia, in119

both population and economic development. The study areas include Klang120

(KLN), Shah Alam (SA), Putrajaya (PUJ), Petaling Jaya (PJ), Cheras, Kuala121

Lumpur (CKL), Batu Muda, Kuala Lumpur (BMKL) and Banting (BAN).122

The first study location is Klang, officially Royal Town of Klang, which is123

a royal town and former capital of the state of Selangor, Malaysia. It is located124

within the Klang District. Port Klang, which is located in the Klang District, is125

the 12th busiest transshipment port and the 12th busiest container port in the126

world (Wikipedia, 2020c). Klang has a population of 879,867 (WorldoMeters,127

2020).128

The new capital of the state of Selangor is Shah Alam, which is our second129

study location. Shah Alam is situated within the Petaling District and a small130

portion of the neighbouring Klang District. Shah Alam is majorly an industrial131

area, with manufacturing playing a big role in its economy (Wikipedia, 2020f).132

Shah Alam was the first planned city in Malaysia after independence from133

Britain in 1957and it has a population of 740,750 (Wikipedia, 2020f).134

The third study location is Putrajaya, a planned city and the Malaysian135

capital’s federal administrative centre. The federal government’s seat was shifted136

in 1999 from Kuala Lumpur to Putrajaya because of overcrowding and conges-137

tion in the former (Wikipedia, 2020e). Putrajaya’s territory is entirely enclaved138

within the Sepang District of the state of Selangor. Putrajaya is also a part139

of the Multimedia Super Corridor (MSC), Malaysia, a special economic zone140

that covers Klang Valley, and it has a population of 91,900 (Theborneopost,141

2018).142

The fourth study location is Petaling Jaya, a city in Petaling District, in143

the state of Selangor, Malaysia. Developed initially as a satellite township for144

Kuala Lumpur, Malaysia’s capital, it is part of the Greater Kuala Lumpur145

area. Petaling Jaya was granted city status on 20 June 2006. It has an area146

of approximately 97.2 square kilometres (37.5 sq mi) and a population of147

638,516 (Wikipedia, 2020d). Kuala Lumpur surrounds Petaling Jaya to the148

east, Sungai Buloh to the north, Shah Alam, the capital of Selangor, and149

Subang Jaya to the west and Bandar Kinrara (Puchong) to the south.150
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The fifth and sixth study locations are from Kuala Lumpur, which is the 151

biggest city in Malaysia. Kuala Lumpur is a federal territory and the capital 152

city of Malaysia. It is the largest city in Malaysia, covering an area of 243 km2
153

(94 sq mi) with an estimated population of 1.73 million as of 2016 (Wikipedia, 154

2020b). The study locations in Kuala Lumpur are situated in Cheras and Batu 155

Muda. The last study location is Banting, which is an agricultural hub and 156

the seat of Kuala Langat District, Selangor, Malaysia. Banting has a popula- 157

tion of 93,497 (Wikipedia, 2020a). Banting will provide us with an interesting 158

comparison with industrial study locations (Shah Alam), major port (Klang) 159

and major cities (Cheras, Batu Muda, Petaling Jaya). 160

2.2 Data 161

In this study, the Monthly Air Pollution Hospitalization (MAPH) dataset is 162

utilized. The dataset contains daily and monthly air pollutant readings from 163

selected monitoring stations and associated count of cardiorespiratory hospi- 164

talization. The dataset is generated from the air quality dataset provided by 165

the Department of Environment (DOE), Malaysia, and cardiorespiratory hos- 166

pitalization statistics provided by the Ministry of Health (MOH), Malaysia. 167

Figure 1 presents the air quality monitoring station locations, which present 168

as our study locations’ center point. 169

Fig. 1: Air Quality Monitoring Stations in Klang Valley, Malaysia

The dataset is generated using our previous work (Usmani et al., 2020c,d). 170

The dataset cleaning and generation are carried out using the novel feature 171

engineering algorithm (Usmani et al., 2020a). The association of patients with 172

the AQM stations and MAPH dataset generation is carried out using the 173

spatial feature engineering algorithm (Usmani et al., 2020c,d). The spatial 174
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feature engineering algorithm contains the facility of specifying the radius175

parameter. The radius parameter plays an integral part in the inclusion crite-176

ria. A researcher can specify the maximum distance between the Air Quality177

Monitoring (AQM) station and the patient as a radius. The spatial feature en-178

gineering algorithm will ensure that those living far away from AQM stations179

are excluded from the dataset. The radius value of 10,000 meters was used to180

generate dataset for the current study.181

There were twelve hospitals included in the study in total, with eight hos-182

pitals from Selangor and three hospitals from Kuala Lumpur and one hospital183

from Putrajaya. The hospitals from Selangor include the Hospital Ampang,184

Hospital Kajang, Hospital Sungai Buloh, Hospital Selayang, Hospital Orang185

Asli Gombak, Pusat Kawalan Kusta Negara, Hospital Serdang, and Hospi-186

tal Tengku Ampuan Rahimah. The hospitals from Kuala Lumpur include the187

Hospital Kuala Lumpur, Hospital Rehabilitasi Cheras, Institut Perubatan Res-188

piratori and Hospital Putrajaya was included from Putrajaya. In terms of189

hospitalization causes, the cardiovascular and respiratory hospitalization rep-190

resented by the International Classification for Diseases (ICD) codes I00-I99191

for cardiovascular diseases and J00-J99 for respiratory diseases are taken into192

consideration for this study (ICD, 2011).193

2.3 Methods194

In this section, we will discuss the models used to predict cardiorespiratory195

hospitalization in this study, the metrics used for comparison, and these mod-196

els’ results. In the end, we will discuss what the metrics indicate and how197

these models compare with each other. Table 1 shows the parameters of the198

dataset. The Date, Station, the air pollutants, i.e., O3, particulate matter with199

diameter less than 10 micrometers PM10, NOx, NO2, NO and SO2 are used to200

predict the hospitalization count, which is the prediction or output parameter.201

For the prediction of cardiorespiratory hospitalization, the dataset is divided202

into two parts, 70% for training and 30% for testing.203

2.3.1 Models204

In this study, we have used four models 1) Long Short-Term Memory (LSTM)205

model, 2) Enhanced Long Short-Term Memory (ELSTM) model, 3) Deep206

Learning (DL) model, and 4) Vector autoregression (VAR) time series model.207

The first three models, i.e., ELSTM, LSTM, and Deep learning, are neural208

network-based models and the last model, i.e., VAR, is a time series model.209

We have included a time series model in our study for comparison due to our210

dataset’s time series nature. The models were selected based on different crite-211

ria, i.e., i) LSTM model was selected for comparison as it is the most popular212

model available for multivariate time series prediction and classification, ii)213

the DL model was selected because it performed well in various studies for214

time series prediction and DL model is the basis for various DL-based time215
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series prediction models, including LSTM, iii) the VAR model was selected as 216

it is the most popular traditional multivariate time series model. Furthermore, 217

the methodology for VAR model is easier in practice (Simionescu, 2013), and 218

the current study focused on the autoregressive properties of the time series 219

dataset. 220

Long Short-Term Memory (LSTM): A special type of Recurrent Neural Net- 221

work, LSTMs are able to learn long-term dependencies. Hochreiter & Schmid- 222

huber (1997) developed LSTM, and many scholars working in the area of 223

machine learning and data science have improved and popularized them (Bai 224

et al., 2019; Hochreiter and Schmidhuber, 1997; Zhao et al., 2019). LSTMs per- 225

form exceedingly good on a wide range of problems and are commonly used in 226

the modeling of time series (Bao et al., 2017; Hua et al., 2019; Malhotra et al., 227

2015). LSTMs were explicitly designed to prevent the long-term dependency 228

problem. Remembering data for long periods is basically their default practice. 229

Figure 2 demonstrates the three-gate LSTM architecture, i.e., 1) input gates 230

that detect the value from the input can be used to change the memory, 2) 231

Forget gate determines what data to discard from the block, and 3) Output 232

gate generates the output depending on the block’s input and memory. 233

Fig. 2: Long Short-Term Memory

Enhanced Long Short-Term Memory (ELSTM): The proposed predictive spa- 234

tial model, named Enhanced Long Short-Term Memory (ELSTM) is an en- 235

hanced form of LSTM, which uses spatial information and the previous data 236
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associated with the model to learn and predict the outcome. The ELSTM237

model is enhanced to work with our datasets by optimizing the network’s hy-238

perparameters and learning mechanism. Figure 3 shows the ELSTM model’s239

overview, with four distinct parts, i.e., 1) features, 2) the spatial layer, 3) the240

ELSTM units, and 4) the output parameter. The first part presents the fea-

Fig. 3: Enhanced Long Short-Term Memory

241

tures from xi to xn, where n is the number of features. The second part is242

the spatial layer, which is responsible for remembering the state of the model243

according to the study location. The state of the model loaded in the spatial244

layer contains the best hyperparameters of the study location and the best245

number of time-steps. Using the best hyperparameters and time-step for each246

study location ensures that the ELSTM model performs to the best of its abil-247

ity. The spatial layer is also responsible for the normalization of the features,248

with x̄i to x̄n representing the normalized values for the features.249

The third part contains the study location based ELSTM units. Every250

ELSTM unit contains hidden layers of stacked LSTM, making the proposed251

model deeper and more accurately described as a deep learning technique.252

Stacked LSTMs allow the hidden state to operate at different timescales at253

each level, as the LSTM layer above provides a sequence output to the next254

LSTM layer. For both input time steps, precisely, one output per input time255

step, rather than one output time step. Each stacked LSTM contains multiple256

LSTMs, and each LSTM is designed according to the description provided in257

Section ??. The last part of the design contains the output parameter, which258

is denoted by y. The output parameter is calculated by the ELSTM model259

based on the normalized values of features provided by the spatial layer.260
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Deep Learning (DL): Deep learning (DL) represents a larger family of ma- 261

chine learning approaches based on artificial neural networks. It is also known 262

as deep structured learning. In DL, it is possible to use supervised, semi- 263

supervised, or unsupervised learning and DL is used in different fields such 264

as natural language processing (Young et al., 2018), voice recognition (Bae 265

et al., 2016), computer vision (Voulodimos et al., 2018), social network fil- 266

tering (Nguyen et al., 2017), among others, to generate results equal to and 267

in some cases exceeding the human expert performance (Abou Jaoude et al., 268

2020; Lu et al., 2020; Williams, 2020). Figure 4 presents the architecture of 269

deep learning, where −→x and −→y presenting the input and output parameters. 270

−→
h1,

−→
h2,

−→
h3 present the hidden layers, and W1, W2,W3, W4 are the weights of 271

the deep learning network. 272

Fig. 4: Deep Learning

Vector autoregression (VAR): Vector autoregression (VAR) is an algorithm 273

used for multivariate forecasting of two or more time series that impact each 274

other (Zivot et al., 2003). That is, the relation is two-way between the time 275

series concerned. Since each variable (Time Sequence) is represented as a func- 276

tion of past values, it is called an Autoregressive model, which means the 277

predictors are none other than the set of lags (time-delayed value). The key 278

difference between VAR and other Autoregressive models such as AR, ARMA, 279

or ARIMA models is that VAR is not uni-directional. However, AR, ARMA, 280

ARIMA models are uni-directional. The predicted variable is influenced by 281

the predictor variables and not vice versa. Vector Auto Regression (VAR), 282

meanwhile, is bi-directional. That is, the variables influence each other. Each 283

variable in a VAR model is a linear function of itself’s past values and all the 284

other variables’ past values. 285
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2.3.2 Comparison Metrics286

In this section, we will define the metrics used to compare the results of pre-287

diction models. We are using two metrics,i.e., 1) Root Mean Squared Error288

(RMSE) and 2) Mean Absolute Error (MAE).289

Root Mean Squared Error (RMSE): RMSE is a rule for quadratic scoring290

that also calculates the average error magnitude. It is the square root of the291

forecast and actual data average of square differences. RMSE expresses the292

average error in the predictions of a model in units of the prediction variable.293

The equation 1 presents the mathematical form of RMSE.294

RMSE =

√√√√ 1

n

n∑

j=1

(yj − ŷj)2 (1)

The RMSE measure will vary from 0 to ∞, and does not take into account295

the direction of errors. As they are negatively-oriented scores, lower values for296

RMSE are considered better. RMSE gives major errors a comparatively high297

weight. This means that while significant errors are especially unacceptable,298

the RMSE can be more useful.299

Mean Absolute Error (MAE): MAE calculates the average magnitude of the300

errors, without taking their direction into account. MAE is the average of the301

absolute differences between actual and prediction observation over the test302

sample, where all differences have same weight. The equation 2 presents the303

mathematical form of RMSE.304

MAE =
1

n

n∑

j=1

|yj − ŷj | (2)

Like RMSE, MAE expresses an average prediction error of the model in the305

units of the predicted variable. MAE is favoured over RMSE, as RMSE does306

not explain average error alone, and has other interpretations that are tough307

to figure out. Same as RMSE, The metric of MAE will vary from 0 to ∞ and308

lower values for MAE are considered better as they are negatively-oriented309

scores.310

3 Results and discussion311

Table 1 presents the parameters and descriptive statistics of the MAPH dataset.312

The MAPH dataset is a time series dataset with a fixed time interval between313

reading is one month. The Station parameter contains the geocoded location314

for the AQM station. The second parameter is the date of the air quality315

readings. In the second column, Table 1 shows the date range for each study316
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location. The last parameter presents the monthly cardiorespiratory hospi- 317

talizations count, provided by the MOH, Malaysia and all other parameters 318

contain the monthly average readings of air quality variables, i.e., O3, PM10, 319

NOx, NO2, NO, and SO2. 320

Table 1: Descriptive statistics of MAPH dataset

Station Date Statistic PM10** O3* CO* NOx* NO2 * NO* SO2* Hospitalization count

KLN
Jan 2006
- Dec
2016

Mean 64 0.018 0.99 0.037 0.021 0.016 0.004 767
Std 19 0.004 0.23 0.007 0.004 0.004 0.001 302
Min 41 0.010 0.52 0.019 0.009 0.007 0.002 15
Max 159 0.031 1.64 0.067 0.032 0.035 0.008 1377

SA
Jan 2006
- Dec
2016

Mean 52 0.021 0.79 0.037 0.020 0.017 0.003 301
Std 16 0.004 0.19 0.006 0.004 0.004 0.001 107
Min 34 0.014 0.46 0.021 0.009 0.010 0.001 71
Max 147 0.034 1.33 0.058 0.038 0.026 0.006 622

PUT
Jan 2006
- Dec
2016

Mean 44 0.021 0.59 0.020 0.014 0.006 0.002 316
Std 16 0.005 0.14 0.004 0.003 0.002 0.001 153
Min 23 0.010 0.27 0.011 0.006 0.001 0.001 23
Max 133 0.036 1.31 0.035 0.023 0.016 0.005 641

PJ
Jan 2006
- Dec
2016

Mean 49 0.015 1.29 0.062 0.029 0.033 0.004 141
Std 15 0.003 0.23 0.008 0.004 0.007 0.001 64
Min 26 0.009 0.86 0.044 0.017 0.019 0.002 19
Max 126 0.026 1.94 0.081 0.039 0.050 0.007 288

CKL
Jan 2006
- Dec
2016

Mean 49 0.02 0.86 0.037 0.021 0.017 0.002 583
Std 14 0.004 0.18 0.006 0.003 0.005 0.001 213
Min 30 0.011 0.50 0.019 0.010 0.005 0.001 83
Max 116 0.034 1.77 0.058 0.030 0.029 0.004 1076

BAN
Apr 2010
- Dec
2016

Mean 56 0.021 0.59 0.019 0.012 0.008 0.003 54
Std 20 0.005 0.19 0.004 0.002 0.002 0.001 23
Min 36 0.013 0.33 0.012 0.006 0.003 0.001 9
Max 144 0.034 1.32 0.027 0.017 0.013 0.006 124

BMKL
Jan 2009
- Dec
2016

Mean 48 0.020 0.78 0.029 0.017 0.012 0.002 817
Std 17 0.004 0.13 0.004 0.003 0.003 0.001 423
Min 28 0.011 0.56 0.019 0.011 0.005 0.001 59
Max 131 0.031 1.50 0.041 0.026 0.021 0.005 1727

Note: ** µg/m3, *ppm, Std=Standard Deviation, Min=Minimum, Max=Maximum
Numbers highlighted in red represent the highest values.

The MAPH dataset contains the data from January 2006 to December 2016 321

for five study locations, i.e., Klang (KLN), Shah Alam (SA), Putrajaya (PUJ), 322

Petaling Jaya (PJ), and Cheras, Kuala Lumpur (CKL). Banting (BAN) and 323

Batu Muda, Kuala Lumpur (BMKL) AQM stations are relatively new stations. 324

The dataset for Banting contains data from April 2010 to December 2016, and 325

the data for Batu Muda, Kuala Lumpur, contains data from January 2009 to 326

December 2016. 327

The descriptive statistics show the varying readings for air pollutants and 328

hospitalizations in all study locations. The highest maximum values for each 329

parameter is highlighted in Table 1. The highest mean hospitalizations (817) 330

and second-highest mean hospitalizations (767) are found in BMKL and KLN. 331

BMKL is located in Kuala Lumpur, which is the biggest city in Malaysia. 332

The same pattern is found for maximum hospitalization count, with BMKL 333

and KLN leading the statistics with 1727 and 1377 maximum hospitalization 334

counts in a single month. The lowest mean hospitalization is found in BAN 335

(54) and PJ (141). 336

Figure 5 shows the correlation matrices of all seven study locations. The 337

correlation matrices show an interesting combination of correlations. It also 338
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(a) Klang (b) Shah Alam

(c) Putrajaya (d) Petaling Jaya

(e) Cheras, Kuala Lumpur (f) Banting

(g) Batu Muda, Kuala Lumpur

Fig. 5: Correlation Matrices: Air quality parameters & Hospitalization
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highlights the variations between the correlations with respect to the study 339

locations. The air quality variable O3 show a positive correlation with the hos- 340

pitalization count in six of the seven study locations. The nitrogen-related air 341

quality parameters also have positive correlations with hospitalization counts, 342

i.e., NOx has three positive correlations, NO2 has three positive correlations, 343

and NO has one positive correlation. The PM10, SO2 and CO showed four pos- 344

itive correlations each. The most positive correlations were found in the Klang, 345

Shah Alam and Putrajaya study locations, with all seven air pollutants showed 346

a positive correlation with hospitalization count in most study areas. The least 347

positive correlations were found in the Petaling Jaya, Cheras and Batu Muda 348

study areas, with only one air quality variable showing positive correlations 349

with hospitalization count. 350

After observing the correlations for all parameters and the descriptive 351

statistics of the dataset, it could be concluded that there no patterns are 352

found between positive or negative correlations and increased or decreased 353

cardiorespiratory hospitalization. Subsequently, no pattern was observed for 354

the highest or lowest mean hospitalization with any air pollutant’s highest or 355

lowest mean in any study locations. 356

3.1 Model Results and Comparisons 357

The ELSTM model uses the stacked LSTM architecture, which enables the 358

proposed model to describe more complex input patterns at every LSTM layer, 359

creating a deep network. The ELSTM model is also equipped with the spatial 360

layer to tune the model’s hyperparameters for each study location. The results 361

presented in Table 2 and Figure 6 show that these enhancements help the 362

proposed ELSTM model to achieve the best results in comparison with all 363

models, especially the LSTM model. The comparison of the base LSTM and 364

ELSTM model showed a significant difference of results in terms of RMSE and 365

MAE scores. As presented in Figure 6, the ELSTM model was able to detect 366

and predict the trends of monthly hospitalization significantly better than the 367

LSTM and other models in the study. 368

Figure 6 presents the hospitalization predictions by the models used in the 369

study. Every graph represents a study location. The predictions were com- 370

pleted on the testing dataset (70% data), i.e., 40 months for five study loca- 371

tions (Klang, Shah Alam, Putrajaya, Petaling Jaya, Cheras, Kuala Lumpur), 372

24 months for Banting, and 29 months for Batu Muda, Kuala Lumpur. The 373

prediction results demonstrated significant prediction power of ELSTM with 374

respect to other models in every study location. The LSTM and DL mod- 375

els also performed well in some study locations, but the VAR model was the 376

weakest model in every study location. 377

The values presented in Table 2 show a location-wise RMSE and MAE for 378

each model by study location. RMSE is considered the primary criterion for 379

predictive models. The values of RMSE indicate that the proposed ELSTM 380

model performed better than the other models in all study locations. Among 381
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(a) Klang (b) Shah Alam

(c) Putrajaya (d) Petaling Jaya

(e) Cheras, Kuala Lumpur (f) Banting

(g) Batu Muda, Kuala Lumpur

Fig. 6: Comparison of hospitalization predictions
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Table 2: Comparison of MAE and RMSE - Hospitalization prediction

Station
ELSTM LSTM DL VAR
MAE RMSE MAE RMSE MAE RMSE MAE RMSE

KLN 0.002 0.002 0.008 0.013 0.004 0.006 0.063 0.066
SA 0.003 0.004 0.003 0.004 0.006 0.008 0.016 0.018
PUJ 0.010 0.034 0.016 0.060 0.014 0.051 0.077 0.117
PJ 0.012 0.033 0.092 0.140 0.081 0.152 0.181 0.212
CKL 0.007 0.007 0.007 0.011 0.006 0.010 0.018 0.024
BAN 0.025 0.038 0.115 0.159 0.11 0.126 0.142 0.175
BMKL 0.016 0.028 0.034 0.055 0.029 0.054 0.068 0.084

Note: The lowest values for MAE and RMSE are underlined

other models, LSTM and deep learning performed better than VAR, owing to 382

the conclusion that VAR is not suitable for long term predictions. Table 2 also 383

presents the MAE values for the models used in this study. It is well known 384

that RMSE will always be equal or greater to MAE values as RMSE gives 385

more importance to the biggest errors. Hence, it is useful to compare these 386

two matrices when large errors are undesirable, which is our study’s case. 387

The comparison for RMSE and MAE for ELSTM shows that the proposed 388

model does not have large residual errors and is able to follow the trend of 389

hospitalization and predict accordingly. The DL, LSTM, and VAR models do 390

not show large residual errors, but a comparison of these models with ELSTM 391

shows that the difference between RMSE and MAE is the smallest in the 392

ELSTM model. Also, the MAE score shows that the ELSTM model performs 393

better than other models and, LSTM and DL models perform better than the 394

VAR model. 395

Hospitalization is associated with NO2 (Barnett et al., 2005; Lee et al., 396

2002; Tajudin et al., 2019), CO (Lee et al., 2002), PM (Lee et al., 2002), SO2 397

(Goudarzi et al., 2016; Lee et al., 2002; Tajudin et al., 2019) and O3 (Lee et al., 398

2002; Luong et al., 2018; Tajudin et al., 2019). In our study, the readings for 399

PM2.5 are not utilized, but PM10 readings also include the readings for PM2.5. 400

The models presented in our study, especially the ELSTM model were able to 401

predict the monthly hospitalization using the air pollutants. Consequently, it 402

is concluded that these air pollutants impact human hospitalization, and steps 403

should be taken to ensure their low future levels. 404

Our findings suggest that air quality can be used to accurately predict the 405

cardiorespiratory hospitalization of Klang Valley residents, Malaysia. An inter- 406

esting aspect of this research is that we have used different predictive models, 407

and most of them can predict hospitalization relatively well. Subsequently, we 408

can recommend that, the air quality warning systems can be of great use for 409

controlling air pollutant emissions (Usmani et al., 2020b) and the efforts to 410

control air quality should continue and be reinforced in the future as it has a 411

clear impact on hospitalization. 412
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To the best of our knowledge, a study to predict the cariorespiratory hos-413

pitalizations of this variety and volume is not done before, especially in a414

Malaysian context. The closest attempts to predict air pollution’s effects on415

hospitalization rates are presented in few recent studies (Abedi et al., 2020;416

Alharbi and Abdullah, 2019; Araujo et al., 2020; Chaves et al., 2017; Zhou417

et al., 2019). These studies also have limitations which can be categorized into418

i) limited scope (Abedi et al., 2020; Alharbi and Abdullah, 2019; Araujo et al.,419

2020; Chaves et al., 2017; Zhou et al., 2019) ii) limited parameters (Alharbi420

and Abdullah, 2019; Araujo et al., 2020; Chaves et al., 2017) iii) use averaged421

AP data from one location for other locations (Abedi et al., 2020; Chaves422

et al., 2017; Zhou et al., 2019).423

The limitations of the current study include the use of residential address424

as a patient’s exposure association parameter. The data with residence loca-425

tion as an indicator for air pollution exposure is easy to collect, monitor, and426

it applies to various studies (Jie, 2017; Mabahwi et al., 2018; Tajudin et al.,427

2019). The use of residence location as an indicator for air pollution exposure428

is argued against due to aggregate exposures from the point, non-point, and429

mobile sources, as well as multiple possible exposure pathways (Huang and430

Batterman, 2000). For future study, we plan further to investigate the associ-431

ation of air pollutants and hospitalization and quantify a decrease in air pol-432

lution’s impact on cardiorespiratory hospitalization. This study’s future work433

can also include individual level, location-specific, quantitative evaluation of434

air pollution exposures to mitigate the risk of exposure misclassification by435

verifying the levels of exposure among the various sections of the cohort. Our436

study also opens up an avenue of hospitalization prediction for daily air qual-437

ity and association of lags and hospitalization, whether in daily or monthly438

predictions.439

4 Conclusion440

The study suggests an association between air pollution and cardiorespiratory441

hospitalization. The air pollutants O3, PM10, NOx, NO2, NO and SO2 are442

used to predict cardiorespiratory hospitalization. The study areas chosen for443

the study ranged from densely populated areas to relatively smaller cities. Al-444

though there was no correlation seen between patterns of air pollutants with445

cardiorespiratory hospitalization by descriptive analysis, however, the results446

showed that the proposed ELSTM model was suitable for predicting cardiores-447

piratory hospitalization based on the RMSE scores. The ELSTM model also448

performed better than the other AI models in all study locations with good449

predictive power. The LSTM and DL models also performed relatively well450

but VAR time series model had the least prediction power and performed451

poorly for long-term cardiorespiratory hospitalization predictions in all study452

locations. Therefore, we conclude that there was an association between air453

pollution and cardiorespiratory hospitalization as we could predict cardiores-454

piratory hospitalization quite accurately using air pollutant parameters (O3,455



Title Suppressed Due to Excessive Length 17

PM10, NOx, NO2, NO and SO2) and we recommend continuous efforts in 456

controlling ambient air quality as it has a clear impact on cardiorespiratory 457

hospitalization among the population in the Klang Valley, Malaysia. 458
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Figures

Figure 1

Air Quality Monitoring Stations in Klang Valley, Malaysia Note: The designations employed and the
presentation of the material on this map do not imply the expression of any opinion whatsoever on the
part of Research Square concerning the legal status of any country, territory, city or area or of its
authorities, or concerning the delimitation of its frontiers or boundaries. This map has been provided by
the authors.
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Correlation Matrices: Air quality parameters & Hospitalization
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Comparison of hospitalization predictions


