Please cite the Published Version

de Souza Tadano, Yara ©, Potgieter-Vermaak, Sanja @, Siqueira, Hugo Valadares, Hoelzemann,
Judith J, Duarte, Ediclé SF @, Alves, Thiago Antonini &, Valebona, Fabio, Lenzi, luri, Godoi,
Ana Flavia L, Barbosa, Cybelli ©, Ribeiro, Igor O, de Souza, Rodrigo AF ©, Yamamoto, Car-
los | ©, Santos, Erickson, Fernandesi, Karenn S ©, Machado, Cristine ©, Martin, Scot T and
Godoi, Ricardo HM (2024) Predicting health impacts of wildfire smoke in Amazonas basin, Brazil.
Chemosphere, 367. 143688 ISSN 0045-6535

DOI: https://doi.org/10.1016/j.chemosphere.2024.143688
Publisher: Elsevier BV

Version: Supplemental Material

Downloaded from: hitps://e-space.mmu.ac.uk/637049/

Usage rights: [c Creative Commons: Attribution 4.0

Additional Information: This is an author-produced version of the published paper. Uploaded in
accordance with the University’s Research Publications Policy.

Data Access Statement: Data will be made available on request.

Enquiries:

If you have questions about this document, contact openresearch@mmu.ac.uk. Please in-
clude the URL of the record in e-space. If you believe that your, or a third party’s rights have
been compromised through this document please see our Take Down policy (available from
https://www.mmu.ac.uk/library/using-the-library/policies-and-guidelines)



https://orcid.org/0000-0002-3975-3419
https://orcid.org/0000-0002-1994-7750
https://orcid.org/0000-0002-2785-6648
https://orcid.org/0000-0003-2950-7377
https://orcid.org/0000-0001-6156-8749
https://orcid.org/0000-0003-0838-3723
https://orcid.org/0000-0003-2782-7705
https://orcid.org/0000-0002-8753-8609
https://orcid.org/0000-0002-7031-6591
https://doi.org/10.1016/j.chemosphere.2024.143688
https://e-space.mmu.ac.uk/637049/
https://creativecommons.org/licenses/by/4.0/
mailto:openresearch@mmu.ac.uk
https://www.mmu.ac.uk/library/using-the-library/policies-and-guidelines

SUPPORTING INFORMATION

ANN DESIGN

Artificial neural networks (ANNs) were chosen since they are nonlinear methodologies that are often used to
solve problems such as nonlinear mapping, forecasting, classification, and clustering, amongst others. They can
contort space and approximate, making them universal approximators and giving them an elevated generalization
capability?*. Such behavior in an ANN is related to its structure, composed of nonlinear units named artificial neurons.
These neurons present adjustable weights that sum the inputs and pass the information through an activation function
that introduces nonlinearity in the response. The neurons are organized into layers, commonly named input, hidden
(intermediate), and output layers*>.

Among the variants of the neural models, we are interested in those adequate to solve nonlinear mapping,
feedforward (FNN), and recurrent neural networks (RNN). The first class presents the models in which the
information flows from the input to the output layers without feedback. The recurrent methodologies allow the
presence of feedback loops.

As the model performance varies depending on the ANN used and its design, we chose to apply four different
ANNSs, with and without Z-score, to different scenarios (considering all variables, excluding BC concentration, and
excluding fires), and varying the number of neurons in the hidden layers. We also considered Multilayer Perceptron
(MLP) with one and two hidden layers. In this study, we addressed two widely used approaches, the Multilayer
Perceptron (MLP) and the Radial Basis Function Network (RBF), together with two unorganized machines (UM), the
Extreme Learning Machines (ELM) and the Echo State Networks (ESN). Only the latter is an RNN, while the others
are FNN*: 42, The MLP and RBF are fully trained methodologies because all weights are adjusted. The UM tunes only
the output layer, which confers a simple implementation and low computational cost to such methods.

Regarding the MLP, the model was adjusted using the modified scaled conjugate gradient method, which works
by reducing iteratively the mean square error®’. The unsupervised step of the RBF considers the K-Means algorithm,
while the supervised step uses the Moore-Penrose Inverse Operation, a closed form-solution. The last operation was
also applied to adjust the output layer of the UMs, since it leads to the minimum MSE** %, All models were
implemented in Matlab.

About the activation function, all neural networks had the linear identity function in the output neurons, and the
hyperbolic tangent in the hidden layer, with exception of RBF, where the K-Means algorithm was applied to cluster
the centers. Even more, the weights were generated randomly in the interval [-1; 1], and the data were normalized in
the same range. After achieving the output responses, the data were renormalized to analyze the error in the original
domain®* 4!,

The best performances of the neural networks in predicting cardiorespiratory hospital admissions were based on
the lower Root Mean Square Error - RMSE — Equation 1. According to Siqueira et al.*, the cost function the ANNs
minimize is the RMSE and, in the case in which different error metrics indicate distinct models as the best, the one
with the lowest RMSE should be assumed as the best one.

RMSE = \/%zgﬂ (dp — V)2, (1)

The Mean Absolute Percentage Error (MAPE) was also calculated, as it gives a more tangible error metric,
being in percentage (Equation 2), as follows:

dn—Yn

MAPE = ZYN_, x 100, )

where d, is the observed value, y, is the response of the neural model, and N is the total number of samples
considered. RMSE indicates which model is best relative to the four tested ANNs, whereas MAPE indicates how good
that best model is relative to the actual observations of hospital admissions.

The best of 30 independent simulations is considered for each neural model. The results were presented
considering the use or not of Z-score, which is a deseasonalization technique. The goal was to reveal if transforming
the data into stationary data without seasonal components brings performance gains****. The Z-score consists of



subtracting the value of each sample from the mean and dividing the result by the standard deviation. At the end of the
predictions, the process was reversed to analyze the performances in the original form.

In the sense of knowing if the error values are statistically different from each other, meaning an ANN
performed better than other techniques, we applied the Friedman test.

Regarding the neural networks, to determine the best number of neurons in the hidden layer, it was performed a
grid search from 10 to 300 neurons, and the best overall performance was compared.
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Figure S1 — Variability of fire data from 200km to S00km around Manaus city.
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Figure S3 — Dispersion Diagram between cardiorespiratory diseases (card and resp), BC, and forest fire with
respective Pearson correlation coefficient.

Table S1 - Spearman correlation between cardiorespiratory diseases, BC, and forest fire.

Cardiovascular Respiratory BC Forest Fire
Cardiovascular 1
Respiratory 0.25 1
BC 0.13 0.13 1
Forest Fire -0.02 -0.22 0.009 1

Table S2 - Kendall correlation

between cardiorespiratory diseases, BC, and forest fire.

Cardiovascular Respiratory BC Forest Fire
Cardiovascular 1
Respiratory 0.18 1
BC 0.09 0.08 1
Forest Fire -0.02 -0.17 0.007 1




Table S3 — Performance of neural networks (RMSE) on predicting hospital admissions for respiratory diseases
(RD) including all inputs

Z-Score Predictor* | Lag0 | Lagl | Lag2 | Lag3 | Lag4 | Lag5 | Lag6 | Lag?7

ELM 1594 | 18.01 | 1743 | 16.05 | 15.16 | 16.74 | 15.02 | 16.61

ESN 1731 | 17.39 | 17.39 | 1596 | 1471 | 1597 | 1522 | 16.48

Without MLP 1221 | 1240 | 11.95 | 11.83 | 1198 | 1234 | 11.95 | 12.36

MLP-2 | 11.39 | 1042 | 11.47 | 14.07 | 15.84 | 11.22 | 1528 | 16.67

RBF 18.14 | 19.00 | 18.86 | 14.55 | 13.53 | 1899 | 14.74 | 16.39

ELM 1720 | 1699 | 17.87 | 1541 16.36 | 17.62 | 1597 | 16.89

ESN 17.16 | 17.78 | 17.90 | 1492 | 1592 | 16.99 | 1530 | 16.33

With MLP 12.41 | 12.08 | 11.61 | 11.92 | 11.82 | 12.28 | 12.14 | 12.32

MLP-2 | 11.05 | 11.35 | 16.19 | 14.05 | 15.85 | 1643 | 1542 | 16.69

RBF 18.00 | 19.10 | 19.04 | 14.51 | 13.46 | 1895 | 14.85 | 16.32

*ELM: Extreme Learning Machines; ESN: Echo State Neural Networks; MLP: Multilayer Perceptron; MLP 2: Multilayer
Perceptron with 2 layers; RBF: Radial Basis Function Network. The best performances are highlighted in grey. The best overall is
underlined.

Table S4 — Performance of neural networks (RMSE) on predicting hospital admissions for respiratory diseases
(RD) excluding forest fire as input

Z-Score Predictor* | Lag0 | Lagl | Lag2 | Lag3 | Lag4 | Lag5 | Lag6 | Lag?7

ELM 16.19 | 17.44 | 1592 | 1598 | 16.13 | 17.79 | 14.56 | 16.09

ESN 16.75 | 17.00 | 17.47 | 14.69 | 1527 | 1738 | 1440 | 16.16

Without MLP 12.34 | 1233 | 1191 12.05 | 12.05 | 12.22 | 11.93 | 12.31

MLP-2 | 1221 | 12.12 | 11.79 | 12.03 | 11.87 | 12.25 | 12.06 | 12.44

RBF 19.48 | 19.26 | 19.05 | 14.57 | 13.54 | 1939 | 15.02 | 16.67

ELM 16.51 | 18.18 | 17.72 | 14.10 | 16.16 | 17.49 | 14.84 | 16.20

ESN 17.13 | 17.55 | 16.86 | 16.12 | 15.85 | 17.21 | 1492 | 16.73

With MLP 12.46 | 12.09 | 12.02 | 12.00 | 12.06 | 12.43 | 12.06 | 12.27

MLP-2 | 1240 | 12.20 | 11.95 | 11.76 | 12.00 | 12.27 | 11.92 | 12.27

RBF 19.51 | 19.17 | 19.05 | 14.59 | 13.59 | 19.43 | 15.01 16.64

*ELM: Extreme Learning Machines; ESN: Echo State Neural Networks; MLP: Multilayer Perceptron; MLP 2: Multilayer
Perceptron with 2 layers; RBF: Radial Basis Function Network. The best performances are highlighted in grey. The best overall is
underlined.



Table S5 — Performance of neural networks (RMSE) on predicting hospital admissions for respiratory diseases
(RD) excluding Black Carbon as input

Z-Score Predictor* | Lag0 | Lagl | Lag2 | Lag3 | Lag4 | Lag5 | Lag6 | Lag?7

ELM 18.35 | 1875 | 18.80 | 15.07 | 14.18 | 17.65 | 1448 | 15.44

ESN 1859 | 16.75 | 16.70 | 16.02 | 13.90 | 16.02 | 15.15 | 14.08

Without MLP 12.38 | 11.92 | 11.80 | 11.80 | 11.98 | 12.27 | 11.76 | 12.22

MLP-2 | 1236 | 12.76 | 11.74 | 1836 | 11.88 | 12.44 | 17.65 | 13.33

RBF 1833 | 19.09 | 18.98 | 14.52 | 13.51 | 19.00 | 14.82 | 16.37

ELM 16.40 | 17.07 | 18.66 | 1538 | 14.75 | 18.08 | 14.40 | 14.52

ESN 18.11 | 18.00 | 14.67 | 16.37 | 14.41 | 15.44 | 1546 | 16.50

With MLP 11.99 | 12.09 | 1191 | 11.81 | 11.88 | 12.09 | 11.92 | 12.13

MLP-2 | 1255 1228 | 11.85 | 18.43 | 16.84 | 1291 | 17.66 | 12.49

RBF 1839 | 1892 | 19.02 | 1447 | 13.52 | 1895 | 14.89 | 16.18

*ELM: Extreme Learning Machines; ESN: Echo State Neural Networks; MLP: Multilayer Perceptron; MLP 2: Multilayer
Perceptron with 2 layers; RBF: Radial Basis Function Network. The best performances are highlighted in grey. The best overall is
underlined.

Table S6 — Performance of neural networks (RMSE) on predicting hospital admissions for cardiovascular
diseases (CD) including all inputs

Z-Score Predictor* | LagO | Lagl | Lag2 | Lag3 | Lag4 | Lag5 | Lag6 | Lag7

ELM 7.93 8.43 7.46 9.13 8.95 8.16 8.08 7.50

ESN 7.72 7.78 7.37 8.77 8.65 8.42 7.45 8.02

Without MLP 5.36 543 5.47 5.39 5.41 5.41 5.29 5.39

MLP-2 | 4.87 5.25 5.46 5.48 5.35 5.45 5.43 5.69

RBF 7.89 8.20 5.45 8.09 7.92 8.34 7.98 8.21

ELM 7.91 8.69 8.60 9.27 8.96 7.84 8.25 7.45

ESN 7.80 8.25 7.22 8.83 8.57 8.31 6.93 7.85

With MLP 5.54 5.37 5.39 5.33 5.34 5.41 5.27 5.42

MLP -2 5.11 5.25 5.47 5.73 6.25 5.48 5.41 5.59

RBF 7.96 8.30 5.43 8.16 7.84 8.37 7.99 8.27

*ELM: Extreme Learning Machines; ESN: Echo State Neural Networks; MLP: Multilayer Perceptron; MLP 2: Multilayer
Perceptron with 2 layers; RBF: Radial Basis Function Network. The best performances are highlighted in grey. The best overall is
underlined.



Table S7 — Performance of neural networks (RMSE) on predicting hospital admissions for cardiovascular
diseases (CD) excluding forest fire as input

Z-Score Predictor* | Lag0 | Lagl | Lag2 | Lag3 | Lag4 | Lag5 | Lag6 | Lag?7

ELM 7.97 8.10 7.84 9.17 8.46 8.70 7.70 7.93

ESN 7.70 8.08 7.76 9.16 8.26 7.75 7.77 7.86

Without MLP 5.37 5.40 543 5.39 5.30 5.46 5.30 5.40

MLP -2 543 5.36 5.42 5.37 5.34 5.45 5.24 5.39

RBF 8.49 8.40 5.43 8.28 8.16 8.45 8.14 8.42

ELM 7.70 7.84 8.06 9.23 8.34 8.19 7.80 7.57

ESN 7.43 8.04 7.89 8.77 8.52 8.04 7.89 7.47

With MLP 5.40 5.40 533 545 5.38 5.38 5.27 5.40

MLP-2 | 545 5.42 5.44 5.39 5.32 5.49 5.21 5.41

RBF 8.50 8.35 5.42 8.18 8.13 8.47 8.11 8.39

*ELM: Extreme Learning Machines; ESN: Echo State Neural Networks; MLP: Multilayer Perceptron; MLP 2: Multilayer
Perceptron with 2 layers; RBF: Radial Basis Function Network. The best performances are highlighted in grey. The best overall is
underlined.

Table S8 — Performance of neural networks (RMSE) on predicting hospital admissions for cardiovascular
diseases (CD) excluding Black Carbon as input

Z-Score Predictor* | Lag0 | Lagl | Lag2 | Lag3 | Lag4 | Lag5 | Lag6 | Lag?7

ELM 7.85 7.28 6.20 6.92 6.92 8.76 7.19 7.84

ESN 7.85 7.64 6.22 7.73 7.95 7.30 7.55 7.60

Without MLP 5.37 5.36 5.31 5.29 5.30 5.42 5.24 5.40

MLP -2 5.53 5.42 543 5.53 5.36 10.32 5.37 5.85

RBF 7.89 8.12 5.37 7.96 8.07 8.39 7.91 8.20

ELM 7.11 7.89 6.39 6.31 6.37 8.18 6.02 7.52

ESN 7.75 6.84 6.35 7.90 7.59 8.37 7.70 7.38

With MLP 5.44 5.35 5.36 5.32 5.28 5.40 5.25 5.35

MLP-2 | 5.71 9.66 5.42 5.44 5.42 10.48 5.26 5.41

RBF 7.79 8.16 5.35 8.07 7.96 8.36 7.97 8.18

*ELM: Extreme Learning Machines; ESN: Echo State Neural Networks; MLP: Multilayer Perceptron; MLP 2: Multilayer
Perceptron with 2 layers; RBF: Radial Basis Function Network. The best performances are highlighted in grey. The best overall is
underlined.



The ANN performances showed that, considering the respiratory results, the RMSE of MLP with two hidden
layers (MLP-2) was 19% lower than the MLP with one hidden layer and 82% lower than the RBF results. The RMSE
difference for cardiovascular results ranges from 10% (from MLP-2 to MLP) to 63% (from MLP-2 to ELM).

The rationality of the model was tested by considering a case of lag -1. Specifically, the best model (MLP, 2
hidden layers) was re-run for lag -1. The RMSE of this test case was 6.67. This RMSE exceeds the best result (lag +1,
RMSE = 4.87). Therefore, the model of lag -1 is quantitatively inferior. This result shows that the model does not
violate cause-and-effect in the temporal relationship between exposure and health outcome.



