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Applying a tusion approach of GAM and XGBoost to predict

spatiotemporal distributions of daily elemental PM, 5 in Taiwan
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Modeling results

Table 2. Comparison of predictive model performance for elemental PM, ;s concentrations

Figure 1. Workflow diagram illustrating the computational procedures

Leave-one-out cross validation (LOOCY)

Introduction

Elements Method 1: ensemble model Method 2: XGBoost only
, , , , NRMSE NRMSE
1. Fine particulate matter (PM, 5) has been linked with adverse health outcomes. Mg
2. The toxicity and health effects of PM, 5 are primarily due to its chemical com- Ssi
position. For example, particles containing specific elements, such as chro- Ca
mium (Cr) or nickel (N1), are particularly harmful because of their carcinogenic \4
and mutagenic properties. 1\(;2
3. Estimating the spatiotemporal distributions of PM, 5 compositions is important. Fe
4. Knowledge gap: (1) The air pollutant levels from temporal and spatial per- (1;1111

spectives were not separately explored; (2) The satellite spectral bands were not Zn
Pb

utilized 1n the predictive model of PM, 5 chemical compositions.
+ Objective: 1. Two methods (Method 1: ensemble model of GAM and XGBoost vs. Method

2: XGBoost only) were compared.

m To construct spatiotemporal predictive models for various elemental composi- 2
tions of PM, 5 using an ensemble machine learning model with Himawari-8 2. In Table 2, Method 2 generally showed a slightly higher LOOCV R” (average =

spectral bands 0.06) than Method 1. However, the difference in LOOCYV R’ and NRMSE be-

Materials and Methods tween two methods were not significant (p-value > 0.05) with Wilcoxon signed

-rank test.
3. V and Ni exhibited higher LOOCYV R’ and lower NRMSE in Method 1

1. Data collections: PM, 5 filter samples were collected from 28 air quality moni-

toring stations on two days for each month from June 2021 to May 2022.

2. Chemical analysis: Filters were used for Ener gy-Dispersive X-Ray Fluores- UM /103 0] #7 YA 11 XA MYl 1T g 02 ey g AW C11170 XXl X KX T 1 P ANY 5 2 W V11T

cence spectrometer analysis to determine 12 trace elements, namely Mg, Si, S, Method 1: ensemble model Method 2: XGBoost only
Ca, V, Cr, Mn, Fe, N1, Cu, Zn, and Pb (prediction target) Feature Frequency Feature Frequency

3. Information on model predictors/features: 1 TEMPERATURE 10 TEMPERATURE 12
p/ WINDDIREC COS 10 MONTH 11

Categories Model predictors Sources 3 WINDSPEED 10 HSBAND 8 9
Himawari-8 Spectra] band 1 — band 16 (Top of atm()spher_ ' 4 ALLROADLEN_IOOO 8 H8BAN)_9 8

. ; JAXA's P-Tree system
Spectral Bands ic reflectance and Temperature brightness) 5 WINDDIREC SIN ] WINDDIREC SIN ]
Meteorological Factors Temperature, Humidity, Wind speed ... Ministry of Environment of Taiwan 6 HUMIDITY 6 HS8BAND_10 7
Spatiotemporal Variables Sampling month, air quality region Ministry of Environment of Taiwan 7 HSBAND_7 S POINT_N _5000 6
o , 8 HALFNATURAL 300 5 INDUSTRY 5000 S
Satellite images composited of — —

Land Use Pattern Industrial building, natural greenness, farm ... | Himawari-8, SPOT-7, SPOT-8, 9 INDUSTRY_5000 4 HUMIDITY 5
Landsat-2, and Sentinel-8 10 POINT N 5000 4 WINDSPEED 5

Road Information Road length, distance to the nearest road ... Minis“&ﬁ;?;i%?gigon and 11 DISTCOAST 3 AQR_1 4

| NONINDUSTRY 5000 3 DISTCOAST 4

. Tai Emission Data S

Others Number of emission sources, temples.... Emagl\lv aﬁéslflTO;ch ?jtgﬂsc’ltem 1K} RESTAURANT 500 3 HSBAND 7 4

14 TEMPLE 500 3 AQR 4 3

4. Model descriptions; 15 FARM 1000 2 FARM 1000 3

. .. . ? Shapley Additive exPlanations (SHAP) values were calculated to evaluate the important featrues; ° The ten predictors with the highest SHAP values
o Generallzed Addltlve MOdel (GAM): TO rcmove the temp or al tr end 1n ele' for each 12 elements were integrated for the calculation; © The time-invariant features are highlighted in bold; The number after the feature code de-

notes the buffer size (unit: meter)

mental PM, 5 derived from meteorological factors and spatiotemporal variables:
e ~ |. Important time-invariant predictors can be highlighted by the Method 1,

Vs:= HTEMPERATURE) + f(HUMIDITY) + AIWINDSPEED) + AIWINDDIREC_SIN) which can improve the interpretability of spatial variation (Table 3)

+ WINDDIREC _COS) + (MONTH) + r(AQRs) + (H8BAND1 - 16) + n;, 2. The procedure of temporal-trend removal enables the capture of potential con-
s=1,---28 =1, --- 24 i el Iamls e e (o @0 e b ieik tributing sources, which helps focus on air pollution hotspots 1n environ-

conditions such as cloud and aerosol detections /

mental policy regulations.



