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Abstract

The continuous spread of coronary pneumonia in COVID-19 has brought far-reaching influence on
human society; Up to now, the epidemic is still spreading all over the world. The prediction of the
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development trend of the COVID-19 epidemic is a major research focus. Traditional predicative
models of infectious disease, based on a series of mathematical assumptions, failed to take into the
account of population mobilization and feedback mechanism, and thus it is difficult to reliably pre-
dict the spread of COVID-19; statistical and machine learning models make predictions based sole-
ly on existing data, making it difficult to effectively improve prediction accuracy. This paper aims
to conduct a prediction targeted on the developing trend of COVID-19 pandemic in different sce-
narios of countries and regions based on the bidirectional long and short term memory network
(BiLSTM) model with multiple features under deep learning. Decision Coefficient R2 and Mean Ab-
solute Percentage Error (MAPE) were selected as the indexes of the evaluation model, and com-
pared with the traditional Long Short-Term Memory network (LSTM) model, experimental results
show that the BiLSTM model has better prediction performance and practicability.
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2019 4F 12 A NHABERF AR JLE A ESERVF 2 B MM X &5k, By NBORE 2, St
TEANBOBIY, X —RKM AL A2 A AR S L2 . S5FE R T AN FRIFR BE IR 5 IR I (152
M. A% 2022 42 9 H 18 HAEKHIE RiH#i2i Bl 6.09 12N, FETREIHGET 650 5N Ffi#H Xk
B T RFERE RTINS EBUR R B RRRAE SRR B S P A Bl B S i e G R K A R
E IR AR, (HH TR s e 5 R, 1200 BRI AE AR B AL BRI s A SR
RS AERETE . RN R SRR ABAT I, & B b3 e il R R RAT R I B R R 2 — . R I
ST T LY BURF 24 5T BT R X0 BUR 7 8500 DA 24 BT 120 X B2 7 G A8 R G0 R i i R B
AEAE, SRR IAT IO AT DUEBURLE /BBy T SR R B s B K P 55 O TR HE
I By e S5 TR

Syl - J&Yx - 1% & (Susceptible-Infected-Removed, SIR)EA . 5 )& - 27 - Y - P&k B (Susceptible-
Exposed-Infected-Removed, SEIR)IALE % 4L 3l 1 - S 4 S Y . AR 2855 40 3 SIR BiAU[1]
SXoF 39 68 S 4 0 A AR AT TN o Y [ S T UAT R SEIR B0 1 B [21%F 3 FhASRIVEAR IR AS R 12
589 AT T, Alenezi 25 AAE A SIR 7Y [3] 43Kt A FITIIHT et i 75 7ERBHECR B, AT I$ H Y SIR A5
R LT 5 S BRAf 2 R I 40 R0 e S B AR & o AH T4 R IR A 0 R AR LA HOMARR AR FR R 1E . A
[Fi b DX PR 977 42 JBOSRE LA B N YRR 20 58 TR 3 0 184 0 A i 20 0 2 AT (R ANt o P o R T 4% 4 PR A i A
RUE DU B P S i nT SE 25 B o BB TR BE 2 ST BRI R R, R B 5 = 7 VA AE TR0 A5 del 28 IRt R 2
(PERE. ARXS T HAR DN S, RS I BA T EEEER . R2E/ N, g R, T2
A IH R AR S, — ST N 51 2R A R R 5 = R R o i M ¢ 1) A% F A 35 AT 0 .- Chimmula
H Zhang {8 LSTM #4225 [4] 8 Se 1 (RIHL 48 2 3 B RL Sk Bl in 52 K KA AT 1R R e 45 SR TR] o AR AT ]
(1) LSTM 8, A AT A B A0 A HERR R Ol 93.4%, KN 92.67%, it it4h A IRAT BT 7% BB (81 249 9 = A
H . Ismail 5 AFET H [0l 9#25°F- %) (Autoregressive Integrated Moving Average, ARIMA)# AL LSTM. JE£k
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P 5 1] )9 46022 }) 2% (Nonlinear Autoregression Neural Network, NARNN) B [S]#E4T T — T LL#ewt 5c, H T
TP R, R RE. JEEL 2R BRI R EI R A . AR 7T R RS A AR
FHEL, LSTM $24t 7 H/NME 5 R 1% 2 (RMSE) . Mehdi 254 F 2 V7481 28 X 4% (Recursive Neural Network,
RNN). LSTM. Z=5¥E 4 8] 442 & 5T $J (Seasonal Autoregressive Integrated Moving Average, SARIMA)
FVEJREE - iR (Holt Winter) (148 50105 AR 311112 77 VA [6] 4 TR AP+ B (4085 7 Al 28 93 451, A A1 0] 3k 2 7 9
HEATXF LA 7T 30 LSTM ALY AE £/ B e 0l A8 - A AR 2 . Parul %545 FH| Deep LSTM. Convolutional LSTM.
BiLSTM #5717 750 E[1 5 337 7k il 8 BH P4 B0, AT TAOAIF 7245 S35 B BILSTM R AR 78 46 11 7l (1~3 K)
WENTHSZ =, BAAEE TN 45 5. Nahla 28 A 42 H 3 LSTM. [ 133K 5175 (Gate Recurrent
Unit, GRU) R [8R IR S Y47 B AP R R BT IR B2 Jod (9 BB T 9], A ATT A 98 45 SR 3R W, LSTM
E=ANE K ISR R IR, GRU 1ER AAIRNERF RFE T ] th L I i - Verma, H &5t T 7E3
MIBARARZ R 25457 . vanilla LSTM. stacked LSTM. ED_LSTM. BiLSTM. CNN 1 CNN-LSTM #i%![9],
TR ER FE R H DU 2 5 P X 7. 14, 21 RSB HBIZmE], @ iImarse, KB BILSTM
J% CNN-LSTM B AR T~ HARAS AL HA 55 (R I 8CR o SR, X S8 AL SR B b5 R i 5 S B 1) R 2% &
P TR EER . NOBE ., BT Bt 3B e B T AR AR I . A SO ZRE 7 M vk . A
IR, PRy7 Bt it A5 S5 e I A W2 i 9 AR AE Dk, EURH DGR FE B IARFAIE, {8 BILSTM A
BITIOECRIE . R EGIE. fE3E. DEFIUALX PR 7 K. 14 K. 21 K. 30 K RITHH#HEH
Bl LSTM BLRLEAT 56 LU A bT o A5 B8 22 RRAE T 1 BILSTM A L4 = ek fils 2 1299 151 F0I0) F) o af 12k o

2. IEEE N
2.1. LSTM &5

Hochreiter f1 Schmidhuber #2H 7 LSTM ##7%1[10], LSTM #1228 p 28 AR — Rk i) RNIN B,
REfg v RNIN B 25 30 26 FIBR PSR E R B, LSTM 4038 7 RNN BEJ 2 I 64549, 76 RNN KA
BN T ARG S =AM, SRR RIS ST BT ] B ER R A
Z RS BARAFREE, T TR RIS S80S SR NFREE, St A Sk S R A% . LSTM FIsot
ghkgnE 1 FToR, 5 RNN AH B, 7ELR B 7 RNIN #0018 0 7 A 3L (8] 73 47 1) L AR 35 25 il , LSTM
A5 25 A AR B K U5 0 300 14D SF ) P2 B N v
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Figure 1. LSTM network structure
B 1. LSTM M4g45#
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1E LSTM #HE 8B r, HpAT DRI T -
1) BT f R E RS AT T AR E R, XTI ZI 2 BTSN & x e R,
IR f ] E— RIS Co PRI IR R BUS D . IR, RS f RIE A
fi =O-(Wf '[ht—l'xt]-’_bf) @
Hrp, o N sigmoid BIE KA, ZRECK “idiZ” BERE N 0~1 2 M EE, Hfi=18, E—HoufE
BAMMERE: 2f = O, E—HioEEaipEts. Wy b— B nRee 2 St A0 2w A\ 5o AH 3k
PIBCEFERE; by st [T B A
2) HEINZ ik m AT E R, AR, BNERE x ABREE hey S RINTT, 152
i MA R C RiL A
it zo-(wit[htfllxt]"'bi) (2)
C, =tanh(W, [h_;,x]+b,) @)
Hr, oA E, CONIEI A TOIRESE: Wi AT ifE t I 213N x AUEEAERE, W T A ik
9135 TR IR O BUE A s by g 40 A N KA 57 A PR SR 7 24T 7 0 LA A,
EC B il I 1 AN I 71 D2 22t e £ I e [ 2 Ao e = 3 [ ST e e N
ZIT0IRE C RN :
Ct = ft X Ct—l + it X CNt (4)
Heb, CoHmHAR, W TMF LY ch M EHER, REAHEE.
EYNEE x FBEIEZE hey St T, A 45 R o, oA o dfiid sigmoid i pR £ 1145 24
W, SRS tanh EXT N B2 t+ 1 PPIRESEHT AR, 153G AR h, RIEN:
Ot =O-(Wot [ht—l'xt]-‘_bo) (5)
h, =0, tanh(C,) (6)
Horp o Rorfar i &, hoA t IS ZIAMRRES T HAE . Wo NETH T of FIBLEFERE, b, R B AL E
2.2. BiLSTM &8

BILSTM BRI 37T 5 LSTM B IE], B &N, ST, fidi]. BILSTM #AI7E LSTM
PR SR BN T A2, B R RS A BRI R X 2 T g5 B, AERBE T T, BiLSTM A5
BUAEAEDL T LSTM BB, BIiLSTM BB &M E 2 Fios.

2.3. FfrigtR

AR UL A AR R B0 S AR (PR RS, B3R U E BB R? (S (T SRR ) SRR

o iR ZE MAPE(S Bt Z2 K /N FEXHE)

Z(9| - yl )2
R2 :1_ |;1 . (7)
3 (7-%)
~100% &Y - s
MAPE == zl: N ‘ )
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Figure 2. BILSTM network structure
[ 2. BILSTM M45 454

Jor: Y ESHE, Y RORTIME, Y, R TRIAE, n AR TR A R A BB O0~1 2 W],
REBUZILT T 1, MALHUNA MRS, T 0, BRI TR 2, # RO NGAE, MR
TR 71 R MAPE BA 5 RIETC R0 A, AT AT EUBOAN R8s 2 18] A T 14 5E, MAPE B/,
AR [ FOUI 2 B AT

3. BEF BiLSTM EE B FUMFT
3.1. FHEXEE D

A I CAAE BT e I R AL R A BN O AT R S, W DRI I TR S AR S8 D 0T I
(6] 3 P 7% BRFES I U7 BATVRIN, A WINEAAE— @B (0% 1) fEIAIES, IR
F 2 31 5 12 TN A A HER 0 7732 [41-[9], (HHARIHAZAE — 2 I BREG . B BT 2 15 TR BE 2 S B AL Tl
eI 9 A P A A B T /IMEAR AR HEAT I, Bl BN BB R PR . RN, AN [E M XU
385 17 917 2 i Tt A D R 2R 1190 A8 A 2 o SR U R0 SR AR DR (R e, AELAE DA (8500 380 7 il 48 R e i 3% Tl
TR R R R X L IR ZR A 5

AN iR BRI, K Our World in Data [Z1BA7E GitHub H42 {3t (1 %t 45
(https://github.com/owid/covid-19-data/tree/master/public/data), it A HdE & A I N B M2 AR R R 1)
SUMAEAT T FE o 75 DAL 37 e il 28 T o LSTM A B Tl % BEAR T-1% Ge 3 ) 2= A AL S [|) 7 A Y,
WA B R A A S A AT TR 7T, {H LSTM F7AE X I 8] 77 51 B 4 78 B R AE 1 A2 28 R e 22
HME DL 78 43 1 FH B 56 il 28 A FE i AR OCRFIE . RtE, ASSCHE LSTM A8 By SR Al B8 R T 24 IE N I
BiLSTM AL T 7772«

Table 1. Model analysis

=1 RESH

BA R

fe G5 112277 i% AR A R AR ST A AR e A, e R TP TR G SR B8 T B eI A AR Ot vEm T, HL
Tl 75 R RO A LA LAAS 51

I ) 27 T 7 32 SEBURERMA R ZRBUK, XL A i 55 Bl A R R, DA SR Bl (AT Py 2
PR AR

DA VRBE 2 3] T7 ik SRR, 5 SEAEG, ARUIZRE /DR ZE R
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3.2. BUETRALIE SHHEER

FEASCH, Pl SR R S D BB R, DAl G il S (DG P 45 S as AN BRI O o AR
FEW U2 A A S TR VE R R R BE AT AL B, B0 4R v S AR 2 R B B i, FRATTE T — R
AR R AT T

AHI A3 HT o] AT SR AN S B 2 [ ORI G R T7 1l AHSGMEAE[-1, 1) /8] AHOR Rl T 1, A2
T AAHOCAR BBk AHOC REGEILIE T 0, A& (Al AH DGR FEER TS o ASCAE I B 2 A 2% Pearson
FHOT BB FFAE AT A OG0T, BUR /2 T35 Pearson ARG A 2

r— 2 =X)(%i-Y) (10)
V-3 Z (5 -9)

I HAE SR A S I BT A RHEEAT Pearson MG HT(LEE 2), ASCIEEL T 5 RiH-Hi12 5551 (total
cases) EL A 55 FRAH S F - NRFAEBEAT U 20T o X BEREAE S o TS A 299 19 (new cases). IZBR G
S (total tests). A 1% & (population) 2 7146 T2 A % (total deaths) 2 (175857 7k 72 11 I 5 751 &t 44 (total
boosters). Pl 1135 76 5% # & £ (total vaccinations). Z= /b Rk — 9% B A\ % (people vaccinated). HiibHiiZ

7 KI5 (new cases smoothed) . M iR 4677 22 B e 7% T A £k (people fully vaccinated). 2 itAET: A%
FE 4 [ 3 H 43 b 22 57 (excess mortality cumulative absolute) .

Table 2. Characteristic correlation analysis results
= 2. FHEMXSIER

Total Cases
new cases 0.73306
total tests 0.85789
population 0.611812
total deaths 0.940445
total boosters 0.814497
total vaccinations 0.831603
people vaccinated 0.834584
new cases smoothed 0.756114
people fully vaccinated 0.833835
excess mortality cumulative absolute 0.764004

ARSI I EAE S, IR AR AR B AN R BN S HCE G (W4 3), K 3 Gt/ bird R
ATLAE . SIRAREI AP A ZAR R, FRHEFR bR 2 (019 2 22 7 2 e U T 45 5, T BRRFIE SR b
Z [ B 5 3B G RE 0 | T R A e AR A B 6 A RS2 L A R A AL I RIS B] ok loss T B3 FE
TRUES BT 25 SR B PTSEVE, B8 U (3004 0T et Il 28 B50d 2 [A) ) AR 2R M DG R [11], 7% ZEXT AR AT A — fh Ak 2
ASCAERE TS AR o R TR AR AR A ‘MinMaxScaler”  pR B B3R 3E T 0 — L AL T . MinMaxScaler B

= X X ©

max min
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b, XORAFIEA— L5 U, x AR AR EUE X X BURFIERR R RAG, Xin AT RERFAE
HntME . FHEH— LA BESE R L 4. BRI NG 4 WRAE H, @ IH— AR, A R s HUE
Vi FIAE X R [0, 1122 18], EXT X E][0, 1] P4 A R TR I B Bodt AT B s, AT a5, - UOR 3 BB i
VAN YN 8

Table 3. Descriptive statistical analysis of features

= 3. FHEfAR MR o

mean std min max
total cases 4.64 *10° 2.53 * 10’ 1 5.85 * 10°
new cases 1.24 *10* 8.69 * 10* 0 4.08 * 10°
total tests 3.01 * 107 2.95* 108 0 9.21 *10°
population 1.40 * 108 6.84 * 10° 47 7.91 *10°
total deaths 7.61 * 10°* 3.64 * 10° 0 6.42 * 10°
total boosters 3.75 * 10’ 1.98 * 10° 0 2.30 * 10°
total vaccinations 1.69 * 108 9.26 * 10° 0 1.24 *10%
people vaccinated 7.66 * 107 4.11*108 0 5.31 *10°
new cases smoothed 1.40 * 10* 8.61 *10* 0 3.44 *10°
people fully vaccinated 6.94 * 107 3.80 * 10° 0 4.88 *10°
excess mortality cumulative absolute 5.81 * 10* 1.77 * 10° -3.77 * 10* 1.22 * 10°

Table 4. Descriptive statistical analysis of normalized characteristics
= 43— AHHERR ST A

mean std min max
total case 7.93*10°° 4.33*10°? 0 1
new cases 3.03*10°° 2.13*107? 0 1
total tests 3.27*10°° 3.20*10°? 0 1
population 1.77 *10°2 8.64 * 102 0 1
total deaths 1.19*10° 5.67*10°° 0 1
total boosters 1.63 * 1072 8.59 * 1072 0 1
total vaccinations 1.36 * 1072 7.46 * 1072 0 1
people vaccinated 1.44 * 1072 7.73 %102 0 1
new cases smoothed 4,08 *10°2 2.50 * 102 0 1
people fully vaccinated 1.42 *10°? 7.78 102 0 1
excess mortality cumulative absolute 7.62* 1072 1.41 %1072 0 1

X ER AT IR G, BAVERIRERIAT 715, RIEE 30-60 RAENRIEERALARZCR, H
)i 30 RAF LR, HAtBEE vl g .

33 Bs¥i55
203 2 SR, AR SO K BN IR AL B 1AM N 128 AN BREUZE R 1 AN 2 AL, o Bk Linear,
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IEARREL N 1000, 2£>1F N 0.0005, fLEATEK/NN 64, F—FR5Z MM HAE N N B ZE KRN,
N2 5 B 2 L R s Blm N B2, Bn —ANBRsE M —4E [ &, SR MR A R S e & A5 B B
T2 15 TINAE [12]

3.4. EWERE ST

TR 28 FRIRAT 0 A 23 AR FE o« FEASCHIwE S A, AT 12 RE N B BILSTM B
55 LSTM BERL LU OB R Al & AEORRNE . hE S, B, DLEsIIAMBIX S 7 R 14 K.
21 K. 30 KK RS EIHEAT B i3 3~1% 6 70 3o 7 BRAE UM BIX F 7 R, 14 K. 21K
A1 30 KT 22 T HE2 R B A 2 bR BRI . T 2 (1] 3~ 6)RFE, BILSTM A ALAE TN
2 LB LSTM Bl 5 SRt S 5, HLBEE I 18] (O 4ER% . BILSTM AL 0 DY 4> [X 1 3R 12 795 1
HA I HIRCR

e6 le6 e6 0.888 c6
8.7041 9.0343 9.399 9.760
8.6738 8.9737 9.307 9.631
8.6435 8.9131 9.215 0503
8.6132 8.8524 9.123 9.374
8.5828 87918 9.030 9246
1 8.5525 £8.7312 g 8.938 29117
285222 28,6705 8.846 'S 8.989
584918 58,6099 3 8.754 2 ¢ 886
8.4615 8.5493 8.662 8732
8.4312 3.4886 8.570 8.604
8.4009 3.4280 8.478 8.475
8.3705 8.3674 8.385 8347
8.3402 8.3067 8.293 8.219
8.3099 82461 8.201
o 12 g e 6 24 Gt D1 0025 50 7,510012,515017.5 20.0 0 5 oL 20 25 30

—+BILSTM —LSTM —— Actual case

Figure 3. Predicted and actual cumulative confirmed cases in Australia at different times
3. BAF L TEA B R (B A UM 5 SEBR R it #2 w 1

4220415 €8 e6 4.8501€6

4.1956 4.0861 4.6206 4773

4.1708 4.3452 4.5582 4.696

4.1459 4.3042 4.4958 4619

41211 4.2632 4.4333 4542

4.0963 4.2222 4.3709 4.465

£4.0715 p4-1812 £4.3084 4388
£4.0466 24.1402 £4.2460 18 4311

54.0218 54.0992 54.1835 4234

3.9970 4.0582 4.1211 4157

3.9722 4.0172 4.0587 4080

3.9473 3.9762 3.9962 4.003

3.9225 3.9352 3.9338 3.926

3.8977 3.8942 3.8713 3.849

3.8532 3.8089
LI A T 02 h 68 101 0025 50 75100125 15017.520.0 o 5 oI5 225 30
~+BILSTM —+LSTM —— Actual casc days

Figure 4. Predicted and actual cumulative confirmed cases in Taiwan, China at different times
E 4. PEEGEESREREMTNS LR RIS RS

I 2022 4E 7 F 9 HZE 2022 4 8 [ 7 H BILSTM #7 5 LSTM #74 () R A1 MAPE, LLA i 7Y
FEMRE S E AR ERE, Wide 5 Fom. MR 5 RATLAEH, AT B RIFHITERE, 7EAH
FT F T ) B T30 e, BILSTM ZEMR SR E i R* 3978 T LSTM B2, 78 %54 (1 MAPE 1T LSTM
BERY, Ui B ZREAE T 1) BILSTM BLAYEL LSTM R 22 54K, HER 2R 50 =y o [FIANF, [ 55 0000 B [V 1) B Fg 38
BILSTM HAYZE MR B e i R A i T, AL ATt B2 i) MAPE 7 0.0006%3 0.0035%2 [8], #57 %
FUAERT AL 5 B KM R2 55 /N MAPE, BATH LA BILSTM AR AL 7E 53 it 6 Bt Hii2 9%
il b B R b p) P e
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gk, e

6.1190 le7 1le7 6.2525167 1e7
6.1082 6.1767 6.2305/ 2;;:2
6.0973 6.1599 6.20851 6.2681
6.0865 6.1431 6.1865 6.2394
6.0757 6.1263 6.1645/ 6.2106
6.0649 6.1096 6.1425! 6‘1819
£6.0540 16.0928 £6.12041 B6.1531
360432 56.0760 '4.56.0984' §6.1243
56.0324 £6.0592 £6.07641 26.0956
6.0215 6.0424 6.0544] 6.0668
6.0107 6.0256 6.03241 6'0381
5.9999 6.0089 6.0104! 6.0093
5.9890 5.9921 5.9984! 5.9806
5.9782 5.9753 5.9663] 5.9518
0 1 2 d} 4 6 39383 0 2 4 6 8 10 12 0.0 2.5 5.0 7.510.012.5 15.017.5 20.0 0 5 1 15 20 25 30
7 days 14days __ o1 oM~ LSTM — Actualcase 21 days 30 days
Figure 5. Predicted and actual cumulative confirmed cases in South America at different times
[E 5. mSEMNEA BB 8 N 5 SEBR R 1 #2151
le6 c6 le6 le6
4.5063 4.5697 4.6029 4.6577
4.4995 4.5576 4.5876 4.6379
4.4927 4.5454 4.5722 4.6181
4.4860 4.5332 4.5569 4.5982
4.4792 4.5210 4.5415 4.5784
4.4725 4.5088 4.5262 4.5586
84.4657 §4,4966 845108 545388
§4.4590 £4.4844 '§4_4955 5445190
F4.4522! 54,4723 = 4.4802 54.4991
4.4454 4.4601 4.4648 4.4793
4.4387 4.4479 4.4495 4.4595
4.4319 4.4357 4.4341 4.4397
4.4252 4.4235 4.4188 4.4199
4.4184 44113 4 4.4000
0 2 7d3:1ys 4 6 0 2 4 14 ?‘lays 8+BII(;ISTI‘IA2_‘_LSTM *(Li)w:.iai.o 752]10&%%.5 15.017.5 20.0 0 5 10 3013”5 20 25 30
Figure 6. Predicted and actual cumulative confirmed cases in Israel at different times
6. LABFIFERE R E TN 5 SEbR R i ##i2 i
Table 5. R? and MAPE with various model from July 29, 2022 to August 7, 2022
#5.2022 %7 A 9 AE 2022 ££ 8 A 7 H-&EAIMY R*F1 MAPE
fiUNRS HiX o il R’ MAPE/% ; bl R? MAPE/%
7 Awustralia BiLSTM 0.9662 0.0013 LSTM 0.6990 0.0049
7 Taiwan, China BiLSTM 0.9324 0.0030 LSTM 0.3804 0.0101
7 South America BiLSTM 0.9576 0.0004 LSTM -0.1409 0.0021
7 Israel BiLSTM 0.8559 0.0012 LSTM 0.7362 0.0017
14 Awustralia BiLSTM 0.9814 0.0022 LSTM 0.9418 0.0043
14 Taiwan, China BIiLSTM 0.9871 0.0024 LSTM 0.8656 0.0087
14 South America BIiLSTM 0.9842 0.0006 LSTM 0.6498 0.0027
14 Israel BiLSTM 0.9455 0.0014 LSTM 0.8775 0.0021
21 Awustralia BiLSTM 0.9804 0.0035 LSTM 0.9690 0.0048
21 Taiwan, China BiLSTM 0.9943 0.0022 LSTM 0.9467 0.0073
21 South America BiLSTM 0.9877 0.0007 LSTM 0.8491 0.0026
21 Israel BiLSTM 0.9552 0.0016 LSTM 0.9248 0.0021
30 Australia BiLSTM 0.9900 0.0034 LSTM 0.9858 0.0044
30 Taiwan, China BiLSTM 0.9954 0.0026 LSTM 0.9779 0.0061
30 South America BiLSTM 0.9728 0.0014 LSTM 0.9170 0.0026
30 Israel BiLSTM 0.9709 0.0015 LSTM 0.9426 0.0022
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