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- CNN

Layer 1

(cnn_1):  Convld(4, 8, Kkernel_size=(3,), stride=(1,),
padding=(1,)), (relu_1): ReLUQO

Layer 2

(cnn_2):  Convld(8, 8, Kkernel_size=(3,), stride=(1,),
padding=(1,)), (relu_2): ReLUQO

Layer 3

(cnn_3):  Convld(8, 8, Kkernel_size=(3,), stride=(1,),

padding=(1,)), (relu_3): ReLUQO
Layer 4 (dense): Linear(in_features=64,
bias=True)

out_features=4,

-1LSTM TZ:

Layer 1

(Istm): LSTM(4, 120, num_layers=3, batch_first=True)

Layer 2

(dense): Linear(in_features=120, out_features=12, bias=True)

- LSTM FZ (Onehot encdoing & AH&3tE 34

Layer 1

(Istm_1): LSTM(4, 100, num_layers=2, batch_first=True)

(Istm_2): LSTM(4, 100, num_layers=2, batch_first=True)

(Istm_3): LSTM(4, 100, num_layers=2, batch_first=True)

(Istm_4): LSTM(4, 100, num_layers=2, batch_first=True)

Layer 2

(dense): Linear(in_features=100, out_ features 4, bias=True)
# Istm_1, Istm_2, Istm_3, Istm_4 2] &3 =S 43
% dense layer o ¢#g

- Input attention: )
obehs] FAolA A afE e
22 949 deo"gE ALte [31.

grk = 1.-{: tat'_lh':n'; [ht—L: Sr_]_] + Up-rk:] ﬂ? =

dlojefell ko] A

exp(ef)

X, exp(el)
- EWS encoding:
dg doleE MEWS 34 HolE& o]§3t9 0~3 Al

029

o]9] ALztow WMEdth ¢o) 75mmHg #S A=
SBP & 2 oz WstEt},

* HF Yo E 3 0= Yo 0~1 Alel9] o= W
ghjo] AbgH o

- Onehot encoding:
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dlo] e A/ 1 2 3 4 5

EWS encoding+ CNN 76.3 | 71.0 | 76.7 | 76.2 | 76.9

EWS encoding+ LSTM 77.6 64.1 77.2 75.9 77.4

EWS encoding 76.3 68.2 76.2 75.8 76.3

+ Attention+ LSTM

Onehot encoding 90.5 | 87.1 | 90.6 | 90.9 | 91.0
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