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The objective of this research is to predict the occurring of drought in each sub-district in
Thailand and to build the best model for predicting it. The best model is created by finding the
highest recall where the corrected prediction of drought happening and not happening has the closest
gap between two numbers. According to rainfall data and drought risk index (DRI) along with using
machine learning models, Neural Network, Gradient Boosted Trees and Random Forest with
RapidMiner and Automated machine learning (AutoML) from H2o.ai. The research results showed
that the Neural Network model having the learning rate at 0.01, Training cycle at 50, momentum at
0.1 with 28 attributes had the best performance comparing with other models in the experiments.

With the use of the best model, the recall of correct prediction of the drought occurring was 64.43%
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DRI =DHI x DVI

***Drought Hazard Index : DHI*** ***DVI: Drought Vulnerability Index ***
DHI = SPI + VHI DVI=QI+ LU

SPI : Standardized Precipitation Index QI : QI-Surface Water Content Index

VHI : Vegetation Health Index LU : Landuse
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Information Gain = Entropy(initial) — [P(c,) x Entropy(c,) + P(c,) x Entropy(c,) + ...]
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Taeh Entropy(c,) = -P(c,) log ,P(c,)
A 1 [l I ey
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2.6 Gradient Boosted Trees
. A ° Ry L. =2 g
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2.7 Random Forest
Random forest (RF) ﬁ’ﬁ]ﬂﬁﬁ%ﬂllﬂﬂﬁmﬁlﬂmﬂ Decision Tree Ha189L110039608 1ag
Y 1 o Yo Y [l ~ (] A o = 9 g I 1 & 9 gﬂ
“lmmammumam”lmwgmmgaﬂaawllumueuﬂu cwumgamﬂumuwuwawﬂﬂmyamﬁm
Y o tx) 1 .. ° ¥ = A ..
u,ammnw&nﬂimﬂleuaﬁlmmaz Decision Tree HALATUIUNANIINIT vote Vlgﬂm’é]ﬂiﬂﬂ Decision

Tree MINNGA

Dataset
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2.8.1.1 max model IMUIULULTIADIN 1%

) A o Y A 1
2.8.1.2 balance classes 33mwauaﬂumﬂwmmﬁmaamaklu

Y

= o w

' Y
2.8.1.3 sort metric AN 1% 1UNIE 898100 IUMTUAAIHAVD AL LTIADININNA



a
unns3

a\

=
IV

%

A
5398

9 ¥
=

=2 awv & < ) A A ~ a o Y
NITANEIIVYAIIN Lﬂuﬂ’liunﬁuﬁ]ﬂ’liwfJ’lﬂﬁmWUT]Glu‘]JiglﬂﬁulTlﬂﬂﬂglﬂﬂﬂﬂua\iﬂlu

FTAUAIUD

3.1 Us211n5 nazdeeny
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event_date event_type event_detail tambon_na.. province_n.. ampur_name event_status no_mooban
Oct 30,2019  euuaN(8NN...  MINEAT wigZan matus;t FNAAA #AANANT... 6
Oct 30,2019  duuai(@EAM... MINBAT LINTAY miatusgs HNAAA #aANANT... 9
Jul 27,2019 tuniaeiaa(..  msapllna-...  aewuae NEUMILNDY'S MUITATAY...  Byefinagns... 9
Jul27, 2019 gunSgina..  meepdTna-..  2zeway AEUNILNDS PIUTATA...  BEATIHAGAT... 9
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3.1.2 "U’aya‘lﬁmm!uﬂumﬂﬁmu‘uumiﬁumﬁmwmmuwwauiuﬂ 2561 WMD) 2563

Y
NNINUA 35 A0

station_id wd_date

4 Oct 18, 2018 7:00:00 AM ICT
4 Oct 19, 2018 7:00:00 AM ICT
4 Oct 20, 2018 7:00:00 AM ICT

current_val
89
89

89

current_per
84
84

84

max_val
106
106

106

v v ¥ '
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3.2 mamsaNdoya

3.2.1 M31%11511n53 RapidMiner
2 [ %’ { [ o
3.2.1.1 wilaseyaFinaniwuiludeyasetu Taseaniwuigegalundaz funay

A v 9 1 A Y o 1Y an A YA o
L%auﬂumegamwmazﬁa1u UAININITNITUNTINAINIYIDT IDW L‘WE]{l“HllGniJﬂﬂTlJ

o 9 ¥

Ay ¥ o 9 Y o o Y
3.2.1.2 uwauaumuw%mmmay‘aﬂauwm 3,5,7,9,11, 13 lag 15 ’Juiﬂﬂclﬂf

' " Y A o 9 ¥ ANy A v a o 9
‘ﬂ’]f;‘TQq@ ﬂ’]u@ﬂq@ AURAYLASHATIN ‘L!’l"]]@ialjaH'W*luﬂhlﬂll'llﬂf@llﬂ‘]J“]J@Haﬂ’lilﬂﬂﬂﬂan

o ] o s 4 <
3.2.1.3 uasdoyanytii@oanonds (DRI 910 1rld1/5210M Geo Raster A Iaseadraiu

9 o
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aband ldiludoyasiediua TaonadeuToenvdoyadivaluziuuuues shape file 1o

U
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ATUIUHIATUDYNT A mm‘éﬂ Llﬁ$ﬂ1lﬂﬂﬁ’ﬁﬂ mmummmmu%immaz band VoILAQTAIUA

Q Q

Y o 4 @ Y
aHadlumsesadedeluaw udrnh liyeu Tosnudeyarinu

week year Tambon_ID dri_band_1_min  dri_band_1_max dri_band_1_mean dri_band_2_min dri_band_2_max dri_band_2_mean
1 2021 100112 252 252 252 249 249 249

1 2021 100202 252 252 252 249 249 249

1 2021 100206 0 254 166.888 ] 250 166.222

1 2021 100301 0 255 146.431 0 254 151.861

1 2021 100305 0 255 144.812 0 253 151.208

1 2021 100308 o 255 101.500 0 254 104.278

1 2021 100508 0 255 137.062 0 250 126.104

@ Y

d' @ [} 9 v A A
HNINN 3.4 Naﬁ?]i’)EJNi]”Iﬂﬂ”IiLL‘ﬂaﬂﬂlﬂyjaﬂ%ulﬁﬂﬂﬂﬂuﬁﬂ

vy <3| <3| 9 Aa o 9y =
3.2.1.4 wigveyasenilu 2 ga lag gadewiluveyaiinaneuasluil 2561 tag 2562
I 9y Aa o Y ~
ganaaeuiuvoyannansuaaluil 2563
3.2.1.5 Under Sampling tioaailayn1n211 imbalance class Iagaas1uauns bilnans

UAS IMAUMINAN LAY

3.2.2 M3 14 11/51A53 Jupyter Notebook

o { ' 33| . .
ihdeyan laenmsuedoyailu 2 gaanlu RapidMiner 1114
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ad a Jd Y
3.3 IEMsAANHiveya
3.3.1 M3 14 11/51n53 RapidMiner
o . A " W 1 ~ Y v A aa 4
3.3.1.1 M loop operation Nstasunasmaudsarsanlslu msaamenteanitig
! o é =\ g‘/ o A ] =1 .
Az AMVDIVUTIADIFIUNINUA 3 LUVT1a03A0 1AT9918U52d MNoY, Gradient Boosted Trees
I o 1
1182 Random Forest Inanluasgilaiuas
aa 1L 1 aa 4
3.3.1.1.1 Gradient Boosted Trees [ADNLOANTLIA LU 21 — 30 LOANT LA,

Number of trees NgUA1TUHIN 50 - 2000 911U 30 A1, Maximal depth guaA1lUBII 5100

s
U 11 A1 1Ay Learning rate qmﬂumq 0.1 —0.99 MInuA 11 A

. o T 9y J .
Gﬂ‘ﬂﬂﬁ 3.1 F\Iﬁ@]?]@EJNinﬂﬂ'liGl,G]ﬂllellinﬁEN Gradient Boosted Trees

Attribute | Number of trees | Maximal depth | Learning rate | Weight mean recall

28 250 5 0.456 0.5403
28 300 S 0.456 0.5403
28 350 5 0.456 0.5403

aa ' aa o
3.3.1.1.2 Random Forest {d0@ANTUIA 1% 21 — 30 LLOANTLIA, Number of
trees NGUAIUYIL 50 - 2000 91U 21 A, Maximal depth gUATTHFII 5 — 100 T 11 A1 LAY
9

9
voting strategy UN9MUA 2 A1AB confidence vote, majority vote L& criterion Nnarve 4 a1 ldun

gain ratio, accuracy, gini index L1Q¥ information gain



M99 3.2 WAd10619910013 111UV 1809 Random Forest
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number Maximal
Attribute voting Strategy | criterion | Weight mean recall
of tree depth
21 343 100 confidence vote | gain ratio 0.6405
21 343 91 confidence vote | gain ratio 0.6402
21 440 81 confidence vote | gain ratio 0.6405

1 = A aAa L 1 aa 4
3.3.1.1.3 Iaseuelszamien 1aontoansdinluesig 21 — 30 UaaNIvINA,

Learning Rate NguA111%290.01 — 0.9 $1U2U 100 A1, Training cycle 19 3 A1 [50,100,200] wag

momentum 1% 10 A1 [0,0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9,1]

Y @ v Y o ! )
(‘nﬁ%‘l‘ﬁ 3.3 Wﬁ@l'ﬁ@EJNiﬂﬂﬂ'licl%uﬂﬂinﬂ@\iTﬂi\iﬂﬂﬂﬂ‘igﬁﬁ/]mﬂll

Attribute | learning rate | training cycle | momentum Weight mean recall
21 0.01 50 0 0.6799
21 0.01 50 0.1 0.6779
21 0.01 50 0.2 0.6750

3.3.1.2 SULUUT0INazuUTIa09 IagWa1TaNNNUUUIIa09NY weight mean recall

1 A ' ° Y A Y v A
ganou o1 1uuuTIandlalna1ved recall NAuaz Inameanuinga
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Input Layer Hidden Layer Output Layer

28 nodes 17 nodes 2 nodes

2 Y o 1 = Ao A
HNINN 3.5 Iﬂiﬂﬁ'iN‘U@QL!‘]J‘]J‘D”Iﬁ@ﬂiﬂNﬂﬂﬂﬂﬁ%ﬁ?“l/lmﬂlmﬂﬂfjﬂ

3.3.2 M3 19 11/50n5% Jupyter Notebook
9
3.3.2.1 AaALOANTUIALAY label YBITOYA

3.3.2.2 19 Automated machine learning (AutoML) U89 H,o 103181 U3 1a0snange

Ay ¥ A g < . 2 VY o o
Iﬂt’l‘l/l@]@\WNLWN'J'IGUE)HaLﬂH imbalance data G]N”lﬂwaawmﬁgﬂ

mIEAn per
training predict time
model id lass aue logloss auepr rmse mze algo
- fime ms per raw ms
error

GEM_grid__1_AwoML_20280509_122220_madel_1 0.4593 0.5623 05160 £.3050 3442 01185 1779 0.0121 GEM
GEM_grid__!_AuwML_20210508_122220_model_30 0.4596 05773 D.4597 VEIRT] 03381 01130 533 0.0095 GEM
GEM _grid_ 1_AutoML_20210509_172220 madel_3 0.4911 0.5551 D.5418 0.8972 D3457 01195 1676 0.0036 GEM
GEM_grid__1_sAutwML_20210508_122220_modei_21 0.4517 05663 05761 £.3951 D.3436 01154 1553 0.0093 GEM

NN 3.6 HANIDH19910 Automated machine learning (AutoML) U84 H,0

v v
a =

3.3.2.3 91394171 recall YoLAaZLULI1209 1A8ITUIINN mean per class error 1o8NOU

A 1 ° Y1 A Y o A
lW@W']'J'ILlUU%'Ia@Qllﬁuclfﬂﬂ']su@\i recall ﬂﬂllagiﬂalﬂﬂQﬂUﬂﬁﬂ
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4.1 HAVBIMIMIADINNTHNAE information gain

v
a I v v

=* 19 =} a %JJ A 9 aan JY axy 1
ﬂ15ﬁﬂ‘]&l'lW'1J'ﬂ"UE]3§jﬁMLL@GW]T]J'JG]W\‘IW?J@ 34 Q11 \‘luuLﬁ@ﬂiﬂfll@@]'ﬂi‘ﬂﬂﬁﬂﬂﬂ?'ﬁﬂ'ﬁﬂ1ﬂ1

@ U

' 1 v 9 ax 3 . . Y A Y Ao 1 ¥ o 1
DIWUINUNAIYITNIT information gain uanaenlEaIninnliininunney

H [ 2 v 9 ast . . . ' aa JIJa 9y
ﬂ1§1\3ﬁ 4.1 MDWUIUUNAIYITNIT information gain VD LlﬁagllaﬁﬂiﬂﬁﬁLiﬂ\?ﬂ’]ﬂll’]ﬂllﬂu’f]ﬂ

order Attribute Weight by Information Gain
1 | avg rain_15day 0.0310
2 | sum_rain_15day 0.0310
3 | avg rain 13day 0.0251
4 | sum_rain_13day 0.0251
5 | avg_rain_1lday 0.0197
6 | sum_rain_1lday 0.0197
7 | sum_rain_9day 0.0188
8 | avg_rain 9day 0.0187
9 | avg rain 7day 0.0186
10 | sum rain_7day 0.0186
11 | max_rain_15day 0.0171
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order Attribute Weight by Information Gain

12 | max_rain_13day 0.0164
13 | max_rain_11day 0.0139
14 | avg rain_5day 0.0122
15 | sum_rain_Sday 0.0122
16 | max rain_9day 0.0112
17 | max rain 7day 0.0100
18 | avg rain_3day 0.0080
19 | sum rain 3day 0.0080
20 | max_rain_S5day 0.0072
21 | median(dri_band 3 mean) 0.0072
22 | maximum(dri_band 2 max) 0.0072
23 | median(dri_band 2 mean) 0.0070
24 | rain-0 0.0062
25 | max_rain_3day 0.0058
26 | maximum(dri_band 1 max) 0.0056
27 | median(dri_band 4 mean) 0.0039
28 | median(dri_band 1 mean) 0.0032
29 | maximum(dri band 3 max) 0.0023
30 | maximum(dri_band 4 max) 0.0000
31 | minimum(dri_band 1 _min) 0

32 | minimum(dri_band 2 min) 0

33 | minimum(dri_band 3 min) 0

34 | minimum(dri_band 4 min) 0
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True Drought True No Drought Class Precision
Pred. Drought 346 1,329 20.66%
Pred. No Drought 191 2,500 92.90%
Class Recall 64.43% 65.29%
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Input Layer Output Layer
avg rain_15day Drought
sum_rain_15day No Drought

avg rain_13day

sum_rain_13day

avg rain_llday

sum_rain_1lday

sum_rain_9day

avg_rain_9day

avg_rain_7day

sum_rain_7day
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Input Layer

max_rain_15day

max_rain_13day

max_rain_11day

avg rain_Sday

sum_rain_S5day

max_rain_9day

max_rain_7day

avg rain_3day

sum_rain_3day

max_rain_S5day

median(dri_band 3 mean)

maximum(dri_band 2 max)

median(dri_band 2 mean)

rain - 0

max_rain_3day

maximum(dri_band 1 max)

median(dri_band 4 mean)

median(dri_band 1 mean)
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Province Name v District Name

Drought in Thailand
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Province Name ~ District Name

All ~ All ~

1 1 1

\r Province District Sub-District
h{WANMAR o 3
N fevidey g Rain DRI
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N | = 3
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© 1day ® 3day ®7day @ 15day @B G eR
Province Name District Name  sub-District Name gmught_Risk Land Use Rainlday Rain3day Rain7day Rainl
KAMPHAENG PHET KHLONG LAN KHLONG LAN PHATTHANA Medium agriculture 8.00 63.50 83.00 1
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True True True no True no
Weight
Learning Training Drought Drought Drought Drought Recall Recall Precision Precision
Attribute Momentum Mean Accuracy
Rate Cycle Pred Pred Pred Pred Drought | no Drought | Drought | no Drought
| Drought no Drought | Drought | no Drought
22 0.01 50 0 69.20% 462 75 1,824 2,005 86.03% 52.36% 20.21% 96.39% 56.50%
22 0.01 50 0.1 68.74% 451 86 1,781 2,048 83.99% 53.49% 20.21% 95.97% 57.24%
21 0.01 50 0 67.99% 487 50 2,095 1,734 90.69% 45.29% 18.86% 97.20% 50.87%
30 0.8021 50 0.9 67.91% 472 65 1,994 1,835 87.90% 47.92% 19.14% 96.58% 52.84%
22 0.01 50 0.2 67.80% 429 108 1,696 2,133 79.89% 55.71% 20.19% 95.18% 58.68%
21 0.01 50 0.1 67.79% 486 51 2,103 1,726 90.50% 45.08% 18.77% 97.13% 50.66%
24 0.01 50 0 67.64% 475 62 2,036 1,793 88.45% 46.83% 18.92% 96.66% 51.95%
30 0.01 50 0 67.52% 472 65 2,024 1,805 87.90% 47.14% 18.91% 96.52% 52.15%
21 0.01 50 0.2 67.50% 487 50 2,132 1,697 90.69% 44.32% 18.59% 97.14% 50.02%
27 0.0723 200 0.4 67.44% 458 79 1,930 1,899 85.29% 49.60% 19.18% 96.01% 53.99%
23 0.01 50 0 67.42% 476 61 2,060 1,769 88.64% 46.20% 18.77% 96.67% 51.42%
27 0.0456 200 0.6 67.40% 436 101 1,776 2,053 81.19% 53.62% 19.71% 95.31% 57.01%
30 0.6152 50 0.7 67.27% 464 73 1,948 1,881 86.41% 49.13% 19.24% 96.26% 53.71%
27 0.01 50 0 67.12% 445 92 1,862 1,967 82.87% 51.37% 19.29% 95.53% 55.25%
24 0.01 50 0.1 67.10% 465 72 2,006 1,823 86.59% 47.61% 18.82% 96.20% 52.40%
27 0.1079 200 0.1 67.10% 471 66 2,049 1,780 87.71% 46.49% 18.69% 96.42% 51.56%
27 0.0545 200 0.5 67.05% 449 88 1,896 1,933 83.61% 50.48% 19.15% 95.65% 54.56%
27 0.099 200 0.2 67.05% 463 74 1,996 1,833 86.22% 47.87% 18.83% 96.12% 52.59%
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True True True no True no
Weight
Learning Training Drought Drought Drought Drought Recall Recall Precision Precision
Attribute Momentum Mean Accuracy
Rate Cycle Pred Pred Pred Pred Drought | no Drought | Drought | no Drought
D Drought no Drought | Drought | no Drought
27 0.0901 200 0.3 67.00% 461 76 1,985 1,844 85.85% 48.16% 18.85% 96.04% 52.79%
30 0.01 50 0.1 66.99% 455 82 1,943 1,886 84.73% 49.26% 18.97% 95.83% 53.62%
27 0.099 200 0 66.95% 450 87 1,911 1,918 83.80% 50.09% 19.06% 95.66% 54.24%
23 0.01 50 0.1 66.91% 467 70 2,035 1,794 86.96% 46.85% 18.67% 96.24% 51.79%
21 0.01 50 0.3 66.91% 490 47 2,199 1,630 91.25% 42.57% 18.22% 97.20% 48.56%
27 0.0634 200 0.5 66.90% 446 91 1,886 1,943 83.05% 50.74% 19.13% 95.53% 54.72%
27 0.0812 200 0.3 66.89% 462 75 2,001 1,828 86.03% 47.74% 18.76% 96.06% 52.45%
27 0.0634 200 0.4 66.83% 449 88 1,913 1,916 83.61% 50.04% 19.01% 95.61% 54.17%
30 0.7843 100 0.6 66.75% 468 69 2,054 1,775 87.15% 46.36% 18.56% 96.26% 51.37%
27 0.0723 200 0.3 66.71% 448 89 1,915 1,914 83.43% 49.99% 18.96% 95.56% 54.10%
27 0.0901 200 0.1 66.71% 448 89 1,915 1,914 83.43% 49.99% 18.96% 95.56% 54.10%
27 0.099 200 0.1 66.70% 462 75 2,015 1,814 86.03% 47.38% 18.65% 96.03% 52.13%
27 0.0901 200 0.2 66.69% 462 75 2,016 1,813 86.03% 47.35% 18.64% 96.03% 52.11%
27 0.1257 200 0 66.68% 464 73 2,031 1,798 86.41% 46.96% 18.60% 96.10% 51.81%
23 0.01 50 0.2 66.67% 458 79 1,989 1,840 85.29% 48.05% 18.72% 95.88% 52.63%
30 0.3215 100 0.9 66.65% 462 75 2,019 1,810 86.03% 47.27% 18.62% 96.02% 52.04%
27 0.1168 200 0.1 66.62% 464 73 2,036 1,793 86.41% 46.83% 18.56% 96.09% 51.69%
21 0.0189 50 0 66.62% 510 27 2,364 1,465 94.97% 38.26% 17.75% 98.19% 45.24%
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True True True no True no
Weight
Learning Training Drought Drought Drought Drought Recall Recall Precision Precision
Attribute Momentum Mean Accuracy
Rate Cycle Pred Pred Pred Pred Drought | no Drought | Drought | no Drought
D Drought no Drought | Drought | no Drought
27 0.0812 200 0.2 66.61% 447 90 1,915 1,914 83.24% 49.99% 18.92% 95.51% 54.08%
27 0.1079 200 0 66.60% 461 76 2,016 1,813 85.85% 47.35% 18.61% 95.98% 52.08%
30 0.7665 50 0.7 66.54% 487 50 2,206 1,623 90.69% 42.39% 18.08% 97.01% 48.33%
27 0.1168 200 0 66.53% 467 70 2,064 1,765 86.96% 46.10% 18.45% 96.19% 51.12%
21 0.01 50 0.4 66.49% 498 39 2,288 1,541 92.74% 40.25% 17.88% 97.53% 46.70%
27 0.1079 200 0.2 66.46% 443 94 1,898 1,931 82.50% 50.43% 18.92% 95.36% 54.37%
27 0.0901 200 0 66.42% 426 111 1,780 2,049 79.33% 53.51% 19.31% 94.86% 56.69%
21 0.01 50 0.5 66.39% 509 28 2,374 1,455 94.79% 38.00% 17.66% 98.11% 44.98%
27 0.0723 200 0.2 66.39% 422 115 1,754 2,075 78.58% 54.19% 19.39% 94.75% 57.19%
24 0.01 50 0.2 66.37% 452 85 1,969 1,860 84.17% 48.58% 18.67% 95.63% 52.95%
30 0.8288 100 0.5 66.36% 471 66 2,266 1,563 87.71% 40.82% 17.21% 95.95% 46.59%
30 0.4817 50 0.8 66.35% 498 39 2,299 1,530 92.74% 39.96% 17.80% 97.51% 46.45%
28 0.01 50 0 66.32% 404 133 1,631 2,198 75.23% 57.40% 19.85% 94.29% 59.60%
27 0.0812 200 0.1 66.29% 423 114 1,769 2,060 78.77% 53.80% 19.30% 94.76% 56.87%
27 0.1346 200 0 66.28% 458 79 2,019 1,810 85.29% 47.27% 18.49% 95.82% 51.95%
27 0.0367 200 0.7 66.24% 402 135 1,623 2,206 74.86% 57.61% 19.85% 94.23% 59.73%
27 0.0634 200 0.3 66.23% 419 118 1,745 2,084 78.03% 54.43% 19.36% 94.64% 57.33%
30 0.7576 50 0.7 66.21% 504 33 2,599 1,230 93.85% 32.12% 16.24% 97.39% 39.72%
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True True True no True no
Weight
Learning Training Drought Drought Drought Drought Recall Recall Precision Precision
Attribute Momentum Mean Accuracy
Rate Cycle Pred Pred Pred Pred Drought | no Drought | Drought | no Drought
D Drought no Drought | Drought | no Drought
21 0.01 100 0 66.12% 480 57 2,188 1,641 89.39% 42.86% 17.99% 96.64% 48.58%
21 0.0189 50 0.1 66.02% 511 26 2,417 1,412 95.16% 36.88% 17.45% 98.19% 44.04%
24 0.1524 50 0.9 66.01% 469 68 2,118 1,711 87.34% 44.69% 18.13% 96.18% 49.93%
21 0.01 50 0.6 65.98% 517 20 2,463 1,366 96.28% 35.68% 17.35% 98.56% 43.13%
27 0.1613 50 0 65.95% 392 145 1,574 2,255 73.00% 58.89% 19.94% 93.96% 60.63%
21 0.0189 50 0.2 65.92% 517 20 2,467 1,362 96.28% 35.57% 17.33% 98.55% 43.04%
27 0.0278 200 0.7 65.90% 395 142 1,599 2,230 73.56% 58.24% 19.81% 94.01% 60.12%
21 0.01 100 0.3 65.84% 506 31 2,395 1,434 94.23% 37.45% 17.44% 97.88% 44.43%
21 0.0189 50 0.3 65.81% 520 17 2,497 1,332 96.83% 34.79% 17.24% 98.74% 42.42%
29 0.0189 50 0.1 65.80% 515 22 2,462 1,367 95.90% 35.70% 17.30% 98.42% 43.11%
27 0.0545 200 0.4 65.80% 412 125 1,728 2,101 76.72% 54.87% 19.25% 94.38% 57.56%
21 0.0278 50 0 65.78% 523 14 2,521 1,308 97.39% 34.16% 17.18% 98.94% 41.94%
21 0.0189 50 0.4 65.77% 525 12 2,536 1,293 97.77% 33.77% 17.15% 99.08% 41.64%
21 0.01 200 0 65.76% 508 29 2,415 1,414 94.60% 36.93% 17.38% 97.99% 44.02%
29 0.01 50 0.4 65.75% 515 22 2,466 1,363 95.90% 35.60% 17.28% 98.41% 43.01%
21 0.01 200 0.1 65.75% 514 23 2,459 1,370 95.72% 35.78% 17.29% 98.35% 43.15%
24 0.0545 50 0.3 65.73% 490 47 2,289 1,540 91.25% 40.22% 17.63% 97.04% 46.50%
21 0.01 50 0.7 65.73% 525 12 2,539 1,290 97.77% 33.69% 17.13% 99.08% 41.57%
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True True True no True no
Weight
Learning Training Drought Drought Drought Drought Recall Recall Precision Precision
Attribute Momentum Mean Accuracy
Rate Cycle Pred Pred Pred Pred Drought | no Drought | Drought | no Drought
D Drought no Drought | Drought | no Drought
27 0.0278 100 0.8 65.73% 340 197 1,220 2,609 63.31% 68.14% 21.79% 92.98% 67.54%
27 0.0812 100 0.4 65.72% 397 140 1,627 2,202 73.93% 57.51% 19.61% 94.02% 59.53%
30 0.1524 50 0.4 65.71% 400 137 1,649 2,180 74.49% 56.93% 19.52% 94.09% 59.09%
27 0.1435 50 0.1 65.70% 386 151 1,550 2,279 71.88% 59.52% 19.94% 93.79% 61.04%
24 0.0634 50 0.2 65.69% 490 47 2,292 1,537 91.25% 40.14% 17.61% 97.03% 46.43%
24 0.0545 50 0.1 65.69% 486 51 2,264 1,565 90.50% 40.87% 17.67% 96.84% 46.98%
24 0.0723 50 0 65.68% 491 46 2,300 1,529 91.43% 39.93% 17.59% 97.08% 46.27%
29 0.0189 50 0 65.68% 514 23 2,464 1,365 95.72% 35.65% 17.26% 98.34% 43.04%
29 0.01 50 0.2 65.68% 519 18 2,500 1,329 96.65% 34.71% 17.19% 98.66% 42.33%
29 0.0189 50 0.2 65.67% 515 22 2,472 1,357 95.90% 35.44% 17.24% 98.40% 42.88%
27 0.1524 50 0 65.66% 386 151 1,553 2,276 71.88% 59.44% 19.91% 93.78% 60.97%
30 0.1791 50 0.3 65.66% 399 138 1,646 2,183 74.30% 57.01% 19.51% 94.05% 59.14%
24 0.0634 50 0.1 65.65% 489 48 2,288 1,541 91.06% 40.25% 17.61% 96.98% 46.50%
27 0.0723 100 0.5 65.65% 395 142 1,618 2,211 73.56% 57.74% 19.62% 93.97% 59.69%
30 0.2948 50 0.4 65.65% 410 127 1,725 2,104 76.35% 54.95% 19.20% 94.31% 57.58%
24 0.0723 50 0.1 65.64% 490 47 2,296 1,533 91.25% 40.04% 17.59% 97.03% 46.34%
21 0.0278 50 0.1 65.64% 525 12 2,546 1,283 97.77% 33.51% 17.10% 99.07% 41.41%
24 0.0456 50 0.4 65.63% 490 47 2,297 1,532 91.25% 40.01% 17.58% 97.02% 46.31%
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True True True no True no
Weight
Learning Training Drought Drought Drought Drought Recall Recall Precision Precision
Attribute Momentum Mean Accuracy
Rate Cycle Pred Pred Pred Pred Drought | no Drought | Drought | no Drought
D Drought no Drought | Drought | no Drought
27 0.0367 100 0.7 65.63% 358 179 1,356 2,473 66.67% 64.59% 20.89% 93.25% 64.84%
27 0.0367 200 0.6 65.62% 403 134 1,677 2,152 75.05% 56.20% 19.38% 94.14% 58.52%
24 0.0545 50 0.2 65.62% 487 50 2,276 1,553 90.69% 40.56% 17.63% 96.88% 46.72%
24 0.0456 50 0.3 65.62% 486 51 2,269 1,560 90.50% 40.74% 17.64% 96.83% 46.86%
23 0.4105 50 0.8 65.62% 509 28 2,429 1,400 94.79% 36.56% 17.32% 98.04% 43.72%
30 0.4283 50 0.1 65.62% 384 153 1,542 2,287 71.51% 59.73% 19.94% 93.73% 61.18%
27 0.1079 100 0.2 65.61% 403 134 1,678 2,151 75.05% 56.18% 19.37% 94.14% 58.50%
27 0.1257 50 0.2 65.61% 378 159 1,500 2,329 70.39% 60.83% 20.13% 93.61% 62.00%
24 0.0545 50 0.4 65.60% 488 49 2,285 1,544 90.88% 40.32% 17.60% 96.92% 46.54%
25 0.01 50 0 65.60% 378 159 1,501 2,328 70.39% 60.80% 20.12% 93.61% 61.98%
30 0.8822 100 0.6 65.59% 438 99 1,929 1,900 81.56% 49.62% 18.50% 95.05% 53.55%
27 0.0545 100 0.6 65.59% 383 154 1,537 2,292 71.32% 59.86% 19.95% 93.70% 61.27%
24 0.0456 50 0.2 65.59% 482 55 2,243 1,586 89.76% 41.42% 17.69% 96.65% 47.37%
29 0.01 50 0.5 65.58% 514 23 2,472 1,357 95.72% 35.44% 17.21% 98.33% 42.85%
30 0.4372 50 0.1 65.58% 383 154 1,538 2,291 71.32% 59.83% 19.94% 93.70% 61.25%
24 0.0367 50 0.4 65.57% 484 53 2,259 1,570 90.13% 41.00% 17.64% 96.73% 47.05%
24 0.0634 50 0 65.56% 487 50 2,281 1,548 90.69% 40.43% 17.59% 96.87% 46.61%
24 0.0634 50 0.3 65.56% 487 50 2,281 1,548 90.69% 40.43% 17.59% 96.87% 46.61%
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True True True no True no
Weight
Learning Training Drought Drought Drought Drought Recall Recall Precision Precision
Attribute Momentum Mean Accuracy
Rate Cycle Pred Pred Pred Pred Drought | no Drought | Drought | no Drought
D Drought no Drought | Drought | no Drought
24 0.0723 50 0.2 65.56% 487 50 2,281 1,548 90.69% 40.43% 17.59% 96.87% 46.61%
24 0.0367 50 0.5 65.55% 490 47 2,303 1,526 91.25% 39.85% 17.54% 97.01% 46.17%
24 0.0812 50 0 65.55% 490 47 2,303 1,526 91.25% 39.85% 17.54% 97.01% 46.17%
21 0.01 100 0.2 65.54% 493 44 2,325 1,504 91.81% 39.28% 17.49% 97.16% 45.74%
27 0.0456 200 0.5 65.54% 406 131 1,705 2,124 75.61% 55.47% 19.23% 94.19% 57.95%
21 0.01 100 0.4 65.54% 513 24 2,468 1,361 95.53% 35.54% 17.21% 98.27% 42.92%
30 0.2058 50 0.1 65.54% 390 147 1,591 2,238 72.63% 58.45% 19.69% 93.84% 60.19%
30 0.7754 200 0.6 65.53% 486 51 2,276 1,553 90.50% 40.56% 17.60% 96.82% 46.70%
29 0.0189 50 0.3 65.53% 515 22 2,483 1,346 95.90% 35.15% 17.18% 98.39% 42.62%
27 0.0634 100 0.5 65.52% 385 152 1,557 2,272 71.69% 59.34% 19.82% 93.73% 60.86%
30 0.4461 50 0.1 65.51% 383 154 1,543 2,286 71.32% 59.70% 19.89% 93.69% 61.13%
27 0.1435 100 0 65.51% 410 127 1,736 2,093 76.35% 54.66% 19.11% 94.28% 57.33%
27 0.099 100 0.3 65.51% 402 135 1,679 2,150 74.86% 56.15% 19.32% 94.09% 58.45%
30 0.4194 50 0.1 65.50% 383 154 1,544 2,285 71.32% 59.68% 19.88% 93.69% 61.11%
27 0.1257 100 0.1 65.50% 406 131 1,708 2,121 75.61% 55.39% 19.21% 94.18% 57.88%
21 0.01 100 0.5 65.50% 520 17 2,521 1,308 96.83% 34.16% 17.10% 98.72% 41.87%
21 0.0189 50 0.5 65.49% 526 11 2,564 1,265 97.95% 33.04% 17.02% 99.14% 41.02%
21 0.0278 50 0.2 65.49% 526 11 2,564 1,265 97.95% 33.04% 17.02% 99.14% 41.02%
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True True True no True no
Weight
Learning Training Drought Drought Drought Drought Recall Recall Precision Precision
Attribute Momentum Mean Accuracy
Rate Cycle Pred Pred Pred Pred Drought | no Drought | Drought | no Drought
D Drought no Drought | Drought | no Drought
30 0.5084 50 0 65.49% 378 159 1,509 2,320 70.39% 60.59% 20.03% 93.59% 61.80%
21 0.0189 100 0 65.49% 521 16 2,529 1,300 97.02% 33.95% 17.08% 98.78% 41.71%
24 0.0812 50 0.1 65.48% 487 50 2,287 1,542 90.69% 40.27% 17.56% 96.86% 46.47%
27 0.0189 200 0.8 65.48% 371 166 1,460 2,369 69.09% 61.87% 20.26% 93.45% 62.76%
27 0.1168 100 0.1 65.48% 401 136 1,674 2,155 74.67% 56.28% 19.33% 94.06% 58.54%
30 0.7576 50 0.6 65.48% 508 29 2,437 1,392 94.60% 36.35% 17.25% 97.96% 43.52%
30 0.0901 50 0.5 65.47% 398 139 1,653 2,176 74.12% 56.83% 19.41% 94.00% 58.96%
24 0.0456 50 0.5 65.47% 488 49 2,295 1,534 90.88% 40.06% 17.54% 96.90% 46.31%
23 0.277 200 0.9 65.46% 501 36 2,388 1,441 93.30% 37.63% 17.34% 97.56% 44.48%
27 0.1435 50 0 65.46% 377 160 1,504 2,325 70.20% 60.72% 20.04% 93.56% 61.89%
30 0.4995 50 0 65.46% 376 161 1,497 2,332 70.02% 60.90% 20.07% 93.54% 62.02%
30 0.1613 50 0.3 65.46% 398 139 1,654 2,175 74.12% 56.80% 19.40% 93.99% 58.93%
24 0.0278 50 0.6 65.46% 490 47 2,310 1,519 91.25% 39.67% 17.50% 97.00% 46.01%
29 0.01 100 0.1 65.45% 493 44 2,332 1,497 91.81% 39.10% 17.45% 97.14% 45.58%
30 0.1702 50 0.2 65.45% 393 144 1,619 2,210 73.18% 57.72% 19.53% 93.88% 59.62%
29 0.01 50 0.6 65.45% 514 23 2,482 1,347 95.72% 35.18% 17.16% 98.32% 42.62%
27 0.0901 100 0.4 65.45% 398 139 1,655 2,174 74.12% 56.78% 19.39% 93.99% 58.91%
24 0.0545 50 0 65.45% 482 55 2,254 1,575 89.76% 41.13% 17.62% 96.63% 47.11%
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True True True no True no
Weight
Learning Training Drought Drought Drought Drought Recall Recall Precision Precision
Attribute Momentum Mean Accuracy
Rate Cycle Pred Pred Pred Pred Drought | no Drought | Drought | no Drought
D Drought no Drought | Drought | no Drought
27 0.1168 100 0.2 65.45% 405 132 1,705 2,124 75.42% 55.47% 19.19% 94.15% 57.92%
30 0.5618 200 0.7 65.43% 467 70 2,148 1,681 86.96% 43.90% 17.86% 96.00% 49.20%
27 0.1346 100 0 65.43% 405 132 1,706 2,123 75.42% 55.45% 19.19% 94.15% 57.90%
30 0.0723 50 0.6 65.42% 400 137 1,671 2,158 74.49% 56.36% 19.31% 94.03% 58.59%
24 0.0367 50 0.6 65.42% 491 46 2,320 1,509 91.43% 39.41% 17.47% 97.04% 45.81%
30 0.3037 50 0.4 65.41% 410 127 1,743 2,086 76.35% 54.48% 19.04% 94.26% 57.17%
30 0.1524 50 0.3 65.41% 397 140 1,651 2,178 73.93% 56.88% 19.38% 93.96% 58.98%
24 0.0278 50 0.5 65.40% 480 57 2,243 1,586 89.39% 41.42% 17.63% 96.53% 47.32%
29 0.01 100 0 65.40% 494 43 2,343 1,486 91.99% 38.81% 17.41% 97.19% 45.35%
30 0.2236 50 0.1 65.40% 385 152 1,566 2,263 71.69% 59.10% 19.73% 93.71% 60.65%
27 0.1702 50 0 65.39% 390 147 1,602 2,227 72.63% 58.16% 19.58% 93.81% 59.94%
24 0.0901 50 0 65.39% 487 50 2,294 1,535 90.69% 40.09% 17.51% 96.85% 46.31%
24 0.0189 50 0.7 65.38% 490 47 2,316 1,513 91.25% 39.51% 17.46% 96.99% 45.88%
24 0.0278 50 0.7 65.38% 496 41 2,359 1,470 92.36% 38.39% 17.37% 97.29% 45.03%
30 0.2414 50 0.5 65.38% 411 126 1,753 2,076 76.54% 54.22% 18.99% 94.28% 56.96%
30 0.1435 50 0.3 65.38% 395 142 1,639 2,190 73.56% 57.20% 19.42% 93.91% 59.21%
29 0.01 50 0.1 65.37% 217 20 2,509 1,320 91.56% 34.47% 7.96% 98.51% 37.80%
30 0.5974 50 0.7 65.37% 515 22 2,495 1,334 95.90% 34.84% 17.11% 98.38% 42.35%
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True True True no True no
Weight
Learning Training Drought Drought Drought Drought Recall Recall Precision Precision
Attribute Momentum Mean Accuracy
Rate Cycle Pred Pred Pred Pred Drought | no Drought | Drought | no Drought
D Drought no Drought | Drought | no Drought
29 0.0367 50 0 65.37% 514 23 2,488 1,341 95.72% 35.02% 17.12% 98.31% 42.49%
24 0.0901 50 0.1 65.37% 483 54 2,267 1,562 89.94% 40.79% 17.56% 96.66% 46.84%
21 0.01 100 0.1 65.37% 481 56 2,253 1,576 89.57% 41.16% 17.59% 96.57% 47.11%
27 0.0634 100 0.6 65.36% 371 166 1,469 2,360 69.09% 61.63% 20.16% 93.43% 62.55%
27 0.099 100 0.2 65.36% 394 143 1,633 2,196 73.37% 57.35% 19.44% 93.89% 59.32%
30 0.0367 50 0.8 65.36% 399 138 1,669 2,160 74.30% 56.41% 19.29% 93.99% 58.61%
29 0.01 100 0.2 65.35% 490 47 2,318 1,511 91.25% 39.46% 17.45% 96.98% 45.83%
29 0.0278 50 0.1 65.35% 513 24 2,482 1,347 95.53% 35.18% 17.13% 98.25% 42.60%
30 0.1079 50 0.5 65.35% 405 132 1,712 2,117 75.42% 55.29% 19.13% 94.13% 57.76%
30 0.1168 50 0.5 65.35% 404 133 1,705 2,124 75.23% 55.47% 19.16% 94.11% 57.90%
30 0.099 50 0.8 65.35% 410 127 1,748 2,081 76.35% 54.35% 19.00% 94.25% 57.05%
30 0.1791 50 0.2 65.35% 393 144 1,627 2,202 73.18% 57.51% 19.46% 93.86% 59.44%
23 0.5796 200 0.8 65.34% 483 54 2,269 1,560 89.94% 40.74% 17.55% 96.65% 46.79%
29 0.01 50 0.3 65.34% 513 24 2,483 1,346 95.53% 35.15% 17.12% 98.25% 42.58%
30 0.3927 50 0.2 65.34% 389 148 1,599 2,230 72.44% 58.24% 19.57% 93.78% 59.99%
27 0.0901 100 0.3 65.34% 394 143 1,635 2,194 73.37% 57.30% 19.42% 93.88% 59.28%
27 0.1346 50 0.1 65.33% 377 160 1,514 2,315 70.20% 60.46% 19.94% 93.54% 61.66%
29 0.0278 50 0 65.33% 512 25 2,477 1,352 95.34% 35.31% 17.13% 98.18% 42.69%
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True True True no True no
Weight
Learning Training Drought Drought Drought Drought Recall Recall Precision Precision
Attribute Momentum Mean Accuracy
Rate Cycle Pred Pred Pred Pred Drought | no Drought | Drought | no Drought
D Drought no Drought | Drought | no Drought
30 0.0367 50 0.9 65.32% 379 158 1,529 2,300 70.58% 60.07% 19.86% 93.57% 61.36%
30 0.6508 100 0.7 65.32% 491 46 2,328 1,501 91.43% 39.20% 17.42% 97.03% 45.63%
30 0.4016 50 0.1 65.31% 382 155 1,551 2,278 71.14% 59.49% 19.76% 93.63% 60.93%
30 0.4105 50 0.1 65.31% 382 155 1,551 2,278 71.14% 59.49% 19.76% 93.63% 60.93%
30 0.1257 50 0.5 65.31% 397 140 1,658 2,171 73.93% 56.70% 19.32% 93.94% 58.82%
30 0.3126 50 0.4 65.31% 410 127 1,751 2,078 76.35% 54.27% 18.97% 94.24% 56.99%
27 0.0723 100 0.4 65.31% 385 152 1,573 2,256 71.69% 58.92% 19.66% 93.69% 60.49%
30 0.1257 50 0.4 65.30% 399 138 1,673 2,156 74.30% 56.31% 19.26% 93.98% 58.52%
30 0.1969 50 0.2 65.30% 389 148 1,602 2,227 72.44% 58.16% 19.54% 93.77% 59.92%
21 0.0367 50 0 65.30% 526 11 2,579 1,250 97.95% 32.65% 16.94% 99.13% 40.68%
30 0.2147 50 0.1 65.30% 387 150 1,588 2,241 72.07% 58.53% 19.59% 93.73% 60.19%
30 0.5173 50 0 65.30% 379 158 1,531 2,298 70.58% 60.02% 19.84% 93.57% 61.31%
21 0.0278 50 0.3 65.29% 526 11 2,580 1,249 97.95% 32.62% 16.93% 99.13% 40.66%
27 0.0723 200 0.5 65.28% 383 154 1,561 2,268 71.32% 59.23% 19.70% 93.64% 60.72%
24 0.0723 50 0.3 65.27% 481 56 2,260 1,569 89.57% 40.98% 17.55% 96.55% 46.95%
30 0.099 50 0.5 65.27% 401 136 1,690 2,139 74.67% 55.86% 19.18% 94.02% 58.18%
27 0.1346 50 0.2 65.27% 377 160 1,519 2,310 70.20% 60.33% 19.88% 93.52% 61.54%
24 0.0812 50 0.2 65.26% 481 56 2,261 1,568 89.57% 40.95% 17.54% 96.55% 46.93%
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True True True no True no
Weight
Learning Training Drought Drought Drought Drought Recall Recall Precision Precision
Attribute Momentum Mean Accuracy
Rate Cycle Pred Pred Pred Pred Drought | no Drought | Drought | no Drought
D Drought no Drought | Drought | no Drought
30 0.4639 50 0.1 65.26% 388 149 1,598 2,231 72.25% 58.27% 19.54% 93.74% 59.99%
30 0.1346 50 0.4 65.25% 400 137 1,684 2,145 74.49% 56.02% 19.19% 94.00% 58.29%
21 0.0189 100 0.1 65.25% 522, 15 2,554 1,275 97.21% 33.30% 16.97% 98.84% 41.16%
29 0.0278 50 0.2 65.25% 514 23 2,497 1,332 95.72% 34.79% 17.07% 98.30% 42.28%
30 0.1435 50 0.4 65.25% 397 140 1,663 2,166 73.93% 56.57% 19.27% 93.93% 58.70%
24 0.01 50 0.8 65.25% 487 50 2,305 1,524 90.69% 39.80% 17.44% 96.82% 46.06%
30 0.099 50 0.6 65.24% 400 137 1,685 2,144 74.49% 55.99% 19.18% 93.99% 58.27%
30 0.3482 50 0.3 65.24% 400 137 1,685 2,144 74.49% 55.99% 19.18% 93.99% 58.27%
27 0.1257 100 0 65.24% 398 139 1,671 2,158 74.12% 56.36% 19.24% 93.95% 58.54%
30 0.0278 50 0.9 65.23% 403 134 1,707 2,122 75.05% 55.42% 19.10% 94.06% 57.83%
30 0.3571 50 0.3 65.23% 403 134 1,707 2,122 75.05% 55.42% 19.10% 94.06% 57.83%
27 0.1168 50 0.3 65.23% 371 166 1,479 2,350 69.09% 61.37% 20.05% 93.40% 62.32%
30 0.0545 50 0.7 65.23% 400 137 1,686 2,143 74.49% 55.97% 19.18% 93.99% 58.25%
21 0.01 200 0.2 65.23% 515 22 2,506 1,323 95.90% 34.55% 17.05% 98.36% 42.10%
29 0.0367 50 0.1 65.23% 515 22 2,506 1,323 95.90% 34.55% 17.05% 98.36% 42.10%
30 0.455 50 0.1 65.23% 384 153 1,572 2,257 71.51% 58.94% 19.63% 93.65% 60.49%
29 0.01 50 0.7 65.23% 514 23 2,499 1,330 95.72% 34.73% 17.06% 98.30% 42.24%
30 0.3838 50 0.1 65.22% 383 154 1,565 2,264 71.32% 59.13% 19.66% 93.63% 60.63%
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True True True no True no
Weight
Learning Training Drought Drought Drought Drought Recall Recall Precision Precision
Attribute Momentum Mean Accuracy
Rate Cycle Pred Pred Pred Pred Drought | no Drought | Drought | no Drought
D Drought no Drought | Drought | no Drought
30 0.4728 50 0 65.22% 374 163 1,501 2,328 69.65% 60.80% 19.95% 93.46% 61.89%
24 0.0634 50 0.4 65.22% 481 56 2,264 1,565 89.57% 40.87% 17.52% 96.55% 46.86%
30 0.1168 50 0.4 65.22% 396 141 1,658 2,171 73.74% 56.70% 19.28% 93.90% 58.80%
30 0.2681 50 0.1 65.22% 379 158 1,537 2,292 70.58% 59.86% 19.78% 93.55% 61.18%
30 0.366 50 0.2 65.22% 386 151 1,587 2,242 71.88% 58.55% 19.56% 93.69% 60.19%
30 0.188 50 0.2 65.21% 391 146 1,623 2,206 72.81% 57.61% 19.41% 93.79% 59.48%
24 0.099 50 0 65.21% 483 54 2,279 1,550 89.94% 40.48% 17.49% 96.63% 46.56%
30 0.4906 50 0 65.21% 374 163 1,502 2,327 69.65% 60.77% 19.94% 93.45% 61.86%
27 0.0456 100 0.6 65.21% 364 173 1,431 2,398 67.78% 62.63% 20.28% 93.27% 63.26%
30 0.3838 50 0.2 65.20% 386 151 1,588 2,241 71.88% 58.53% 19.55% 93.69% 60.17%
30 0.1702 50 0.3 65.20% 392 145 1,631 2,198 73.00% 57.40% 19.38% 93.81% 59.32%
29 0.0189 50 0.4 65.20% 514 23 2,501 1,328 95.72% 34.68% 17.05% 98.30% 42.19%
30 0.6063 50 0.7 65.20% 521 16 2,551 1,278 97.02% 33.38% 16.96% 98.76% 41.20%
30 0.0723 50 0.7 65.20% 405 132 1,724 2,105 75.42% 54.98% 19.02% 94.10% 57.49%
30 0.4639 50 0 65.20% 374 163 1,503 2,326 69.65% 60.75% 19.93% 93.45% 61.84%
30 0.4817 50 0 65.20% 374 163 1,503 2,326 69.65% 60.75% 19.93% 93.45% 61.84%
30 0.3482 50 0.2 65.19% 388 149 1,603 2,226 72.25% 58.14% 19.49% 93.73% 59.87%
24 0.0189 50 0.8 65.19% 502 35 2,416 1,413 93.48% 36.90% 17.20% 97.58% 43.86%
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True True True no True no
Weight
Learning Training Drought Drought Drought Drought Recall Recall Precision Precision
Attribute Momentum Mean Accuracy
Rate Cycle Pred Pred Pred Pred Drought | no Drought | Drought | no Drought
D Drought no Drought | Drought | no Drought
27 0.0545 200 0.6 65.19% 383 154 1,568 2,261 71.32% 59.05% 19.63% 93.62% 60.56%
24 0.0367 50 0.3 65.18% 474 63 2,217 1,612 88.27% 42.10% 17.61% 96.24% 47.78%
30 0.8822 50 0.5 65.18% 503 34 2,424 1,405 93.67% 36.69% 17.18% 97.64% 43.70%
30 0.1969 50 0.3 65.18% 393 144 1,640 2,189 73.18% 57.17% 19.33% 93.83% 59.14%
27 0.01 50 0.1 65.18% 400 137 1,690 2,139 74.49% 55.86% 19.14% 93.98% 58.15%
27 0.1079 100 0.3 65.17% 399 138 1,683 2,146 74.30% 56.05% 19.16% 93.96% 58.29%
27 0.1346 100 0.1 65.17% 406 131 1,733 2,096 75.61% 54.74% 18.98% 94.12% 57.31%
27 0.1168 50 0.2 65.17% 367 170 1,455 2,374 68.34% 62.00% 20.14% 93.32% 62.78%
30 0.2147 50 0.3 65.17% 390 147 1,619 2,210 72.63% 57.72% 19.41% 93.76% 59.55%
30 0.3749 50 0.2 65.16% 386 151 1,591 2,238 71.88% 58.45% 19.52% 93.68% 60.10%
30 0.3571 50 0.1 65.16% 383 154 1,570 2,259 71.32% 59.00% 19.61% 93.62% 60.51%
30 0.0812 50 0.6 65.16% 405 132 1,727 2,102 75.42% 54.90% 19.00% 94.09% 57.42%
22 0.6864 50 0.8 65.16% 481 56 2,269 1,560 89.57% 40.74% 17.49% 96.53% 46.75%
29 0.01 50 0 65.15% 516 21 2,519 1,310 96.09% 34.21% 17.00% 98.42% 41.82%
30 0.7131 50 0.6 65.15% 515 22 2,512 1,317 95.90% 34.40% 17.01% 98.36% 41.96%
30 0.2325 50 0.5 65.15% 407 130 1,742 2,087 75.79% 54.51% 18.94% 94.14% 57.12%
30 0.2859 50 0.4 65.14% 402 135 1,707 2,122 74.86% 55.42% 19.06% 94.02% 57.81%
30 0.366 50 0.1 65.13% 383 154 1,572 2,257 71.32% 58.94% 19.59% 93.61% 60.47%
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True True True no True no
Weight
Learning Training Drought Drought Drought Drought Recall Recall Precision Precision
Attribute Momentum Mean Accuracy
Rate Cycle Pred Pred Pred Pred Drought | no Drought | Drought | no Drought
D Drought no Drought | Drought | no Drought
24 0.0545 50 0.5 65.13% 481 56 2,271 1,558 89.57% 40.69% 17.48% 96.53% 46.70%
27 0.0456 100 0.7 65.13% 357 180 1,387 2,442 66.48% 63.78% 20.47% 93.14% 64.11%
30 0.2592 50 0.1 65.13% 380 157 1,551 2,278 70.76% 59.49% 19.68% 93.55% 60.88%
27 0.0812 200 0 65.13% 394 143 1,651 2,178 73.37% 56.88% 19.27% 93.84% 58.91%
30 0.188 50 0.3 65.13% 394 143 1,651 2,178 73.37% 56.88% 19.27% 93.84% 58.91%
29 0.0456 50 0 65.12% 515 22 2,514 1,315 95.90% 34.34% 17.00% 98.35% 41.91%
30 0.0545 50 0.8 65.12% 406 131 1,737 2,092 75.61% 54.64% 18.95% 94.11% 57.21%
24 0.0456 50 0.1 65.12% 474 63 2,222 1,607 88.27% 41.97% 17.58% 96.23% 47.66%
21 0.0367 50 0.1 65.12% 526 11 2,593 1,236 97.95% 32.28% 16.86% 99.12% 40.36%
30 0.5262 50 0 65.12% 380 157 1,552 2,277 70.76% 59.47% 19.67% 93.55% 60.86%
30 0.3571 50 0.2 65.11% 386 151 1,595 2,234 71.88% 58.34% 19.49% 93.67% 60.01%
29 0.0278 50 0.3 65.11% 515 22 2,515 1,314 95.90% 34.32% 17.00% 98.35% 41.89%
30 0.2147 50 0.2 65.10% 388 149 1,610 2,219 72.25% 57.95% 19.42% 93.71% 59.71%
30 0.0456 50 0.8 65.10% 403 134 1,717 2,112 75.05% 55.16% 19.01% 94.03% 57.60%
30 0.8644 50 0.5 65.10% 493 44 2,359 1,470 91.81% 38.39% 17.29% 97.09% 44.96%
29 0.0189 50 0.5 65.10% 515 22 2,516 1,313 95.90% 34.29% 16.99% 98.35% 41.87%
30 0.4016 50 0.2 65.09% 391 146 1,632 2,197 72.81% 57.38% 19.33% 93.77% 59.28%
30 0.1079 50 0.6 65.09% 406 131 1,739 2,090 75.61% 54.58% 18.93% 94.10% 57.17%




47

True True True no True no
Weight
Learning Training Drought Drought Drought Drought Recall Recall Precision Precision
Attribute Momentum Mean Accuracy
Rate Cycle Pred Pred Pred Pred Drought | no Drought | Drought | no Drought
D Drought no Drought | Drought | no Drought
30 0.3482 50 0.1 65.09% 382 155 1,568 2,261 71.14% 59.05% 19.59% 93.58% 60.54%
30 0.3749 50 0.1 65.09% 382 155 1,568 2,261 71.14% 59.05% 19.59% 93.58% 60.54%
30 0.01 50 0.2 65.09% 418 119 1,825 2,004 77.84% 52.34% 18.64% 94.39% 55.47%
30 0.277 50 0.2 65.08% 385 152 1,590 2,239 71.69% 58.47% 19.49% 93.64% 60.10%
30 0.2503 50 0.5 65.08% 412 125 1,783 2,046 76.72% 53.43% 18.77% 94.24% 56.30%
27 0.1524 50 0.1 65.08% 381 156 1,562 2,267 70.95% 59.21% 19.61% 93.56% 60.65%
30 0.3393 50 0.2 65.08% 388 149 1,612 2,217 72.25% 57.90% 19.40% 93.70% 59.67%
30 0.188 50 0.6 65.08% 411 126 1,776 2,053 76.54% 53.62% 18.79% 94.22% 56.44%
30 0.2058 50 0.3 65.07% 390 147 1,627 2,202 72.63% 57.51% 19.34% 93.74% 59.37%
27 0.1791 50 0 65.06% 388 149 1,613 2,216 72.25% 57.87% 19.39% 93.70% 59.64%
30 0.2236 50 0.2 65.06% 387 150 1,606 2,223 72.07% 58.06% 19.42% 93.68% 59.78%
30 0.2859 50 0.2 65.06% 386 151 1,599 2,230 71.88% 58.24% 19.45% 93.66% 59.92%
30 0.3304 50 0.2 65.05% 388 149 1,614 2,215 72.25% 57.85% 19.38% 93.70% 59.62%
30 0.0456 50 0.9 65.05% 380 157 1,557 2,272 70.76% 59.34% 19.62% 93.54% 60.74%
30 0.633 100 0.7 65.05% 495 42 2,377 1,452 92.18% 37.92% 17.24% 97.19% 44.59%
30 0.3037 50 0.2 65.05% 387 150 1,607 2,222 72.07% 58.03% 19.41% 93.68% 59.76%
30 0.4728 50 0.1 65.05% 387 150 1,607 2,222 72.07% 58.03% 19.41% 93.68% 59.76%
30 0.8911 50 0.5 65.05% 493 44 2,363 1,466 91.81% 38.29% 17.26% 97.09% 44.87%
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True True True no True no
Weight
Learning Training Drought Drought Drought Drought Recall Recall Precision Precision
Attribute Momentum Mean Accuracy
Rate Cycle Pred Pred Pred Pred Drought | no Drought | Drought | no Drought
D Drought no Drought | Drought | no Drought
27 0.0723 200 0.1 65.04% 391 146 1,636 2,193 72.81% 57.27% 19.29% 93.76% 59.18%
30 0.0901 50 0.6 65.04% 405 132 1,736 2,093 75.42% 54.66% 18.92% 94.07% 57.21%
30 0.3215 50 0.2 65.04% 388 149 1,615 2,214 72.25% 57.82% 19.37% 93.69% 59.60%
30 0.3215 50 0.4 65.03% 409 128 1,765 2,064 76.16% 53.90% 18.81% 94.16% 56.64%
30 0.3927 50 0.1 65.02% 380 157 1,559 2,270 70.76% 59.28% 19.60% 93.53% 60.70%
30 0.2948 50 0.2 65.02% 386 151 1,602 2,227 71.88% 58.16% 19.42% 93.65% 59.85%
30 0.633 50 0.7 65.02% 507 30 2,465 1,364 94.41% 35.62% 17.06% 97.85% 42.85%
27 0.1524 100 0 65.02% 407 130 1,752 2,077 75.79% 54.24% 18.85% 94.11% 56.89%
21 0.01 100 0.6 65.02% 522 15 2,572 1,257 97.21% 32.83% 16.87% 98.82% 40.75%
30 0.2414 50 0.2 65.02% 383 154 1,581 2,248 71.32% 58.71% 19.50% 93.59% 60.26%
30 0.0634 50 0.8 65.02% 398 139 1,688 2,141 74.12% 55.92% 19.08% 93.90% 58.15%
27 0.0812 100 0.5 65.01% 373 164 1,510 2,319 69.46% 60.56% 19.81% 93.40% 61.66%
27 0.1079 50 0.3 65.01% 365 172 1,453 2,376 67.97% 62.05% 20.08% 93.25% 62.78%
22 0.01 50 0.3 65.01% 362 175 1,432 2,397 67.41% 62.60% 20.18% 93.20% 63.19%
30 0.2325 50 0.2 65.01% 385 152 1,596 2,233 71.69% 58.32% 19.43% 93.63% 59.96%
21 0.0189 50 0.6 65.00% 526 11 2,602 1,227 97.95% 32.04% 16.82% 99.11% 40.15%
27 0.0545 100 0.5 64.99% 369 168 1,483 2,346 68.72% 61.27% 19.92% 93.32% 62.19%
30 0.277 50 0.1 64.99% 376 161 1,533 2,296 70.02% 59.96% 19.70% 93.45% 61.20%
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True True True no True no
Weight
Learning Training Drought Drought Drought Drought Recall Recall Precision Precision
Attribute Momentum Mean Accuracy
Rate Cycle Pred Pred Pred Pred Drought | no Drought | Drought | no Drought
D Drought no Drought | Drought | no Drought
30 0.2503 50 0.2 64.99% 382 155 1,576 2,253 71.14% 58.84% 19.51% 93.56% 60.35%
21 0.0278 50 0.4 64.99% 526 11 2,603 1,226 97.95% 32.02% 16.81% 99.11% 40.13%
29 0.01 50 0.8 64.98% SilS 22 2,525 1,304 95.90% 34.06% 16.94% 98.34% 41.66%
30 0.7665 50 0.6 64.98% 515 22 2,525 1,304 95.90% 34.06% 16.94% 98.34% 41.66%
30 0.2592 50 0.3 64.98% 391 146 1,641 2,188 72.81% 57.14% 19.24% 93.74% 59.07%
30 0.0634 50 0.7 64.98% 405 132 1,741 2,088 75.42% 54.53% 18.87% 94.05% 57.10%
25 0.01 50 0.1 64.97% 356 181 1,392 2,437 66.29% 63.65% 20.37% 93.09% 63.97%
27 0.0812 100 0.3 64.97% 384 153 1,592 2,237 71.51% 58.42% 19.43% 93.60% 60.03%
21 0.0189 100 0.2 64.97% 522 15 2,576 1,253 97.21% 32.72% 16.85% 98.82% 40.66%
30 0.2592 50 0.2 64.96% 382 155 1,578 2,251 71.14% 58.79% 19.49% 93.56% 60.31%
30 0.3126 50 0.2 64.96% 387 150 1,014 2,215 72.07% 57.85% 19.34% 93.66% 59.60%
30 0.5529 50 0 64.96% 378 159 1,550 2,279 70.39% 59.52% 19.61% 93.48% 60.86%
30 0.366 50 0.3 64.96% 401 136 1,714 2,115 74.67% 55.24% 18.96% 93.96% 57.63%
30 0.1079 50 0.8 64.95% 408 129 1,764 2,065 75.98% 53.93% 18.78% 94.12% 56.64%
24 0.0456 50 0 64.95% 469 68 2,199 1,630 87.34% 42.57% 17.58% 96.00% 48.08%
30 0.1969 50 0.6 64.95% 414 123 1,807 2,022 77.09% 52.81% 18.64% 94.27% 55.79%
30 0.2681 50 0.2 64.95% 383 154 1,586 2,243 71.32% 58.58% 19.45% 93.58% 60.15%
27 0.1435 50 0.2 64.95% 374 163 1,522 2,307 69.65% 60.25% 19.73% 93.40% 61.41%
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True True True no True no
Weight
Learning Training Drought Drought Drought Drought Recall Recall Precision Precision
Attribute Momentum Mean Accuracy
Rate Cycle Pred Pred Pred Pred Drought | no Drought | Drought | no Drought
D Drought no Drought | Drought | no Drought
30 0.1435 50 0.7 64.95% 412 125 1,793 2,036 76.72% 53.17% 18.68% 94.22% 56.07%
30 0.1613 50 0.4 64.95% 396 141 1,679 2,150 73.74% 56.15% 19.08% 93.85% 58.31%
27 0.1257 50 0.1 64.95% 365 172 1,458 2,371 67.97% 61.92% 20.02% 93.24% 62.67%
29 0.0367 50 0.2 64.94% 515 22 2,528 1,301 95.90% 33.98% 16.92% 98.34% 41.59%
30 0.0812 50 0.7 64.94% 407 130 1,758 2,071 75.79% 54.09% 18.80% 94.09% 56.76%
27 0.1257 100 0.2 64.94% 399 138 1,701 2,128 74.30% 55.58% 19.00% 93.91% 57.88%
30 0.2325 50 0.3 64.93% 389 148 1,630 2,199 72.44% 57.43% 19.27% 93.69% 59.28%
27 0.099 50 0.4 64.92% 360 177 1,424 2,405 67.04% 62.81% 20.18% 93.14% 63.33%
30 0.1346 50 0.5 64.91% 400 137 1,710 2,119 74.49% 55.34% 18.96% 93.93% 57.70%
30 0.3037 50 0.1 64.91% 375 162 1,532 2,297 69.83% 59.99% 19.66% 93.41% 61.20%
30 0.3215 50 0.3 64.91% 390 147 1,639 2,190 72.63% 57.20% 19.22% 93.71% 59.09%
30 0.2592 50 0.5 64.91% 413 124 1,803 2,026 76.91% 52.91% 18.64% 94.23% 55.86%
30 0.3304 50 0.1 64.91% 380 157 1,568 2,261 70.76% 59.05% 19.51% 93.51% 60.49%
30 0.3393 50 0.1 64.91% 380 157 1,568 2,261 70.76% 59.05% 19.51% 93.51% 60.49%
30 0.188 50 0.4 64.89% 394 143 1,669 2,160 73.37% 56.41% 19.10% 93.79% 58.50%
30 0.5351 50 0 64.89% 378 159 1,555 2,274 70.39% 59.39% 19.56% 93.46% 60.74%
30 0.4817 50 0.1 64.89% 385 152 1,605 2,224 71.69% 58.08% 19.35% 93.60% 59.76%
29 0.0456 50 0.1 64.89% 515 22 2,532 1,297 95.90% 33.87% 16.90% 98.33% 41.50%
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True True True no True no
Weight
Learning Training Drought Drought Drought Drought Recall Recall Precision Precision
Attribute Momentum Mean Accuracy
Rate Cycle Pred Pred Pred Pred Drought | no Drought | Drought | no Drought
D Drought no Drought | Drought | no Drought
27 0.188 50 0.2 64.89% 386 151 1,619 2,210 71.88% 57.72% 19.25% 93.60% 59.46%
30 0.3838 50 0 64.88% 374 163 1,527 2,302 69.65% 60.12% 19.67% 93.39% 61.29%
27 0.01 200 0.9 64.88% B85 202 1,249 2,580 62.38% 67.38% 21.15% 92.74% 66.77%
30 0.2236 50 0.3 64.88% 388 149 1,627 2,202 72.25% 57.51% 19.26% 93.66% 59.32%
30 0.1791 50 0.4 64.88% 394 143 1,670 2,159 73.37% 56.39% 19.09% 93.79% 58.47%
30 0.3393 200 0.4 64.88% 463 74 2,162 1,667 86.22% 43.54% 17.64% 95.75% 48.79%
30 0.544 50 0 64.88% 378 159 1,556 2,273 70.39% 59.36% 19.54% 93.46% 60.72%
29 0.0278 50 0.4 64.88% 515 22 2,533 1,296 95.90% 33.85% 16.90% 98.33% 41.48%
30 0.3037 50 0.3 64.87% 392 145 1,656 2,173 73.00% 56.75% 19.14% 93.74% 58.75%
30 0.2325 50 0 64.87% 376 161 1,542 2,287 70.02% 59.73% 19.60% 93.42% 60.99%
27 0.1079 100 0.1 64.87% 391 146 1,649 2,180 72.81% 56.93% 19.17% 93.72% 58.89%
23 0.7754 200 0.7 64.87% 483 54 2,305 1,524 89.94% 39.80% 17.32% 96.58% 45.97%
30 0.2859 50 0.1 64.87% 374 163 1,528 2,301 69.65% 60.09% 19.66% 93.38% 61.27%
21 0.01 50 0.8 64.87% 527 10 2,619 1,210 98.14% 31.60% 16.75% 99.18% 39.78%
21 0.0367 50 0.2 64.87% 526 11 2,612 1,217 97.95% 31.78% 16.76% 99.10% 39.92%
23 0.01 50 0.3 64.87% 433 104 1,949 1,880 80.63% 49.10% 18.18% 94.76% 52.98%
27 0.1346 50 0 64.86% 363 174 1,450 2,379 67.60% 62.13% 20.02% 93.18% 62.80%
30 0.3393 50 0.3 64.86% 393 144 1,664 2,165 73.18% 56.54% 19.11% 93.76% 58.59%
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True True True no True no
Weight
Learning Training Drought Drought Drought Drought Recall Recall Precision Precision
Attribute Momentum Mean Accuracy
Rate Cycle Pred Pred Pred Pred Drought | no Drought | Drought | no Drought
D Drought no Drought | Drought | no Drought
30 0.2236 50 0 64.86% 377 160 1,550 2,279 70.20% 59.52% 19.56% 93.44% 60.83%
28 0.01 50 0.1 64.86% 346 191 1,329 2,500 64.43% 65.29% 20.66% 92.90% 65.19%
24 0.0456 50 0.6 64.86% 481 56 2,292 1,537 89.57% 40.14% 17.35% 96.48% 46.22%
30 0.455 50 0 64.85% 371 166 1,508 2,321 69.09% 60.62% 19.74% 93.33% 61.66%
30 0.5262 200 0.5 64.85% 446 91 2,167 1,662 83.05% 43.41% 17.07% 94.81% 48.28%
30 0.2147 50 0 64.85% 376 161 1,544 2,285 70.02% 59.68% 19.58% 93.42% 60.95%
30 0.2681 50 0.3 64.85% 391 146 1,651 2,178 72.81% 56.88% 19.15% 93.72% 58.84%
30 0.2414 50 0 64.84% 374 163 1,530 2,299 69.65% 60.04% 19.64% 93.38% 61.22%
30 0.4016 50 0 64.84% 374 163 1,530 2,299 69.65% 60.04% 19.64% 93.38% 61.22%
30 0.277 50 0.4 64.84% 397 140 1,694 2,135 73.93% 55.76% 18.99% 93.85% 57.99%
30 0.2414 50 0.3 64.84% 388 149 1,630 2,199 72.25% 57.43% 19.23% 93.65% 59.25%
30 0.6686 200 0.7 64.84% 485 52 2,322 1,507 90.32% 39.36% 17.28% 96.66% 45.63%
30 0.1791 50 0.6 64.84% 408 129 1,773 2,056 75.98% 53.70% 18.71% 94.10% 56.44%
30 0.3304 50 0.4 64.84% 408 129 1,773 2,056 75.98% 53.70% 18.71% 94.10% 56.44%
24 0.0189 50 0.6 64.84% 469 68 2,208 1,621 87.34% 42.33% 17.52% 95.97% 47.87%
30 0.7576 200 0.6 64.83% 417 120 2,268 1,561 77.65% 40.77% 15.53% 92.86% 45.30%
30 0.5618 50 0 64.82% 377 160 1,553 2,276 70.20% 59.44% 19.53% 93.43% 60.77%
29 0.0545 50 0 64.82% 515 22 2,537 1,292 95.90% 33.74% 16.87% 98.33% 41.39%
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True True True no True no
Weight
Learning Training Drought Drought Drought Drought Recall Recall Precision Precision
Attribute Momentum Mean Accuracy
Rate Cycle Pred Pred Pred Pred Drought | no Drought | Drought | no Drought
Recall
Drought no Drought | Drought | no Drought

30 0.2503 50 0.3 64.82% 389 148 1,639 2,190 72.44% 57.20% 19.18% 93.67% 59.07%
30 0.2236 50 0.5 64.82% 404 133 1,746 2,083 75.23% 54.40% 18.79% 94.00% 56.96%
27 0.1613 50 0.1 64.81% 379 158 1,568 2,261 70.58% 59.05% 19.47% 93.47% 60.47%
29 0.0189 50 0.6 64.81% 515 22 2,538 1,291 95.90% 33.72% 16.87% 98.32% 41.37%
30 0.2948 50 0.1 64.80% 374 163 1,533 2,296 69.65% 59.96% 19.61% 93.37% 61.15%
30 0.0723 50 0.8 64.80% 396 141 1,690 2,139 73.74% 55.86% 18.98% 93.82% 58.06%
21 0.0456 50 0 64.80% 526 11 2,617 1,212 97.95% 31.65% 16.74% 99.10% 39.81%
24 0.0367 50 0.2 64.80% 464 73 2,175 1,654 86.41% 43.20% 17.58% 95.77% 48.51%




HMNANUIN U

AT NNAVIUV LD 1ABIDN RapidMiner

11150 1vaa 18N: shorturl.at/mDEY5

54



HMANHID A
M1319NAVDINVLD1809 Automated machine learning (AutoML)

VO3 H20

55



mean predict
training
model_id per class auc logloss aucpr rmse mse time per algo
time ms
error row ms
GBM_grid 1 AutoML 20210509 122220 model 1 0.4893 | 0.5628 | 0.5160 0.9080 0.3442 0.1185 1779 0.0121 GBM
GBM_grid__1_AutoML_20210509_122220_model_30 0.4896 | 0.5773 | 0.4597 0.9116 0.3391 0.1150 985 0.0098 GBM
GBM _grid 1 AutoML 20210509 122220 model 5 0.4911 | 0.5551 | 0.5418 0.8972 0.3457 0.1195 1676 0.0086 GBM
GBM _grid 1 AutoML 20210509 122220 model 22 0.4917 | 0.5663 | 0.5761 0.8981 0.3456 0.1194 1853 0.0095 GBM
GBM_3_AutoML_20210509 122220 0.4929 | 0.5803 | 0.4718 0.9100 0.3388 0.1148 1597 0.0179 GBM
GBM_grid__1_AutoML 20210509 122220 model 12 0.4931 | 0.5353 | 0.6904 0.9003 0.3539 0.1253 4429 0.0121 GBM
GBM_grid_1_AutoML 20210509 122220 _model 41 0.4933 | 0.5600 | 0.6132 0.9066 0.3504 0.1228 3099 0.0121 GBM
GBM_grid__1_AutoML 20210509 122220 model 31 0.4935 | 0.5990 | 0.3986 0.9167 0.3336 0.1113 900 0.0133 GBM
GBM_4_AutoML 20210509 122220 0.4937 | 0.5722 | 0.4968 0.9073 0.3419 0.1169 1480 0.0128 GBM
GBM_grid 1 _AutoML 20210509 122220 model 28 0.4939 | 0.5559 | 0.5376 0.9061 0.3466 0.1201 1742 0.0309 GBM
StackedEnsemble BestOfFamily AutoML 20210509 122220 0.4940 | 0.5702 | 0.5354 0.9105 0.3536 0.1250 652 0.0222 StackedEnsemble
GBM_grid 1 AutoML 20210509 122220 model 43 0.4944 | 0.5721 | 0.5334 0.9078 0.3429 0.1176 1886 0.0120 GBM
StackedEnsemble_AllModels_AutoML 20210509 122220 0.4947 | 0.5643 | 0.5168 0.9091 0.3646 0.1329 2170 0.0463 StackedEnsemble
GBM_grid__1_AutoML_20210509_122220_model_32 0.4948 | 0.5349 | 0.5824 0.8959 0.3455 0.1194 1750 0.0110 GBM
GBM_grid__1_AutoML_20210509 122220 _model_13 0.4955 | 0.5486 | 0.5490 0.8961 0.3458 0.1196 1816 0.0089 GBM
GBM_grid 1 AutoML 20210509 122220 model_24 0.4957 | 0.5840 | 0.4612 0.9113 0.3392 0.1151 1074 0.0091 GBM
GBM_grid__1_AutoML 20210509 122220 _model_20 0.4963 | 0.5970 | 0.5022 0.9142 0.3420 0.1169 1230 0.0076 GBM
GBM_grid 1 _AutoML 20210509 122220 model_38 0.4963 | 0.5991 | 0.4531 0.9167 0.3387 0.1147 861 0.0075 GBM
GBM_grid__1_AutoML_20210509_122220_model 3 0.4963 | 0.5878 | 0.4898 0.9118 0.3406 0.1160 1031 0.0087 GBM




mean predict
training
model_id per class auc logloss aucpr rmse mse time per algo
time ms
error row ms
GBM_grid 1 _AutoML 20210509 122220 _model 27 0.4963 | 0.5631 | 0.5324 0.8974 0.3441 0.1184 3087 0.0087 GBM
XRT_1_AutoML_20210509_122220 0.4965 | 0.5531 | 0.4730 0.9032 0.3364 0.1131 1064 0.0069 DRF
GBM_grid__1_AutoML_20210509 122220 _model_39 0.4965 | 0.5707 | 0.4066 0.9114 0.3370 0.1135 925 0.0082 GBM
GBM_grid 1 AutoML 20210509 122220 model_14 0.4972 | 0.5752 | 0.4291 0.9104 0.3400 0.1156 1878 0.0090 GBM
GBM_grid 1 AutoML 20210509 122220 model_44 0.4975 | 0.5691 | 0.5145 0.9011 0.3422 0.1171 2185 0.0082 GBM
GBM_grid__1_AutoML_20210509_122220_model_8 0.4981 | 0.5650 | 0.5010 0.9058 0.3436 0.1181 1780 0.0081 GBM
GBM_grid__1_AutoML_20210509_122220_model_36 0.4981 | 0.5683 | 0.4866 0.9051 0.3412 0.1164 1129 0.0084 GBM
GBM_2 AutoML 20210509 122220 0.4981 | 0.5919 | 0.4301 0.9166 0.3374 0.1139 1372 0.0086 GBM
GBM_1_AutoML 20210509 122220 0.4991 | 0.5835 | 0.4333 0.9178 0.3393 0.1151 1465 0.0085 GBM
GBM_grid__1_AutoML 20210509 122220_model 9 0.4991 | 0.5911 | 0.4585 0.9138 0.3385 0.1146 959 0.0075 GBM
GBM_grid__1_AutoML 20210509 122220 model 7 0.4991 | 0.5672 | 0.5190 0.9038 0.3431 0.1177 1224 0.0091 GBM
GBM_grid 1 _AutoML 20210509 122220 model 25 0.4991 | 0.5774 | 0.4074 0.9113 0.3376 0.1140 1027 0.0089 GBM
DeepLearning_grid 2 AutoML 20210509 122220 model 6 0.5000 | 0.5727 | 1.6463 0.9129 0.6685 0.4468 97397 0.0044 DeepLearning
GBM_grid 1 _AutoML 20210509 122220 model 15 0.5000 | 0.5851 | 0.4420 0.9094 0.3371 0.1136 908 0.0079 GBM
GBM_grid__1_AutoML_20210509_122220_model_26 0.5000 | 0.5787 | 0.4292 0.9104 0.3389 0.1148 1048 0.0090 GBM
GBM_grid__1_AutoML_20210509 122220 _model_45 0.5000 | 0.5708 | 0.4914 0.9016 0.3412 0.1164 1271 0.0083 GBM
DeepLearning_grid 3 AutoML 20210509 122220 model 10 0.5000 | 0.5141 | 1.0791 0.8966 0.6374 0.4063 59583 0.0047 DeepLearning
GBM_grid__1_AutoML 20210509 122220 _model_40 0.5000 | 0.5411 | 0.3918 0.9018 0.3358 0.1128 481 0.0066 GBM
GBM_grid__1_AutoML_20210509_122220_model_18 0.5000 | 0.5735 | 0.4347 0.9104 0.3402 0.1157 1738 0.0099 GBM
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mean predict
training
model_id per class auc logloss aucpr rmse mse time per algo
time ms
error row ms
DeepLearning_grid  3_AutoML_20210509_ 122220 model 3 0.5000 | 0.4956 | 1.3297 0.8992 0.7210 0.5199 40042 0.0112 DeepLearning
GBM_grid 1 _AutoML_ 20210509 122220 model 4 0.5000 | 0.5665 | 0.4968 0.9042 0.3436 0.1180 1700 0.0093 GBM
DeepLearning_grid__1_AutoML_20210509 122220 _model_6 0.5000 | 0.5241 | 1.5459 0.9081 0.6549 0.4289 40139 0.0046 DeepLearning
GBM_grid__1_AutoML_20210509_122220_model_34 0.5000 | 0.6018 | 0.4520 0.9194 0.3387 0.1147 999 0.0089 GBM
DeepLearning_grid__ 2 AutoML 20210509 122220 _model 8 0.5000 | 0.5932 | 0.9393 0.9212 0.5763 0.3321 73008 0.0055 DeepLearning
DeepLearning_grid_ 3_AutoML_20210509_122220_model_5 0.5000 | 0.7048 | 0.7714 0.9458 0.5221 0.2726 81483 0.0054 DeepLearning
GBM_grid 1 AutoML 20210509 122220 model 21 0.5000 | 0.5827 | 0.4234 0.9117 0.3377 0.1141 896 0.0086 GBM
GBM_grid 1 _AutoML 20210509 122220 model_19 0.5000 | 0.5618 | 0.4408 0.9052 0.3402 0.1157 1649 0.0075 GBM
DeepLearning_grid 2 AutoML 20210509 122220 model 9 0.5000 | 0.6334 | 1.0014 0.9333 0.6145 0.3776 68504 0.0076 DeepLearning
GBM_grid 1 _AutoML 20210509 122220 model_37 0.5000 | 0.5851 | 0.4136 0.9120 0.3370 0.1136 986 0.0131 GBM
GBM_grid 1 _AutoML 20210509_122220 model_11 0.5000 | 0.5530 | 0.4096 0.9035 0.3379 0.1142 830 0.0078 GBM
DeepLearning_grid 3 AutoML 20210509 122220 model 9 0.5000 | 0.4284 | 1.0769 0.8724 0.6498 0.4222 63249 0.0069 DeepLearning
DeepLearning_grid 1 AutoML 20210509 122220 model 12 0.5000 | 0.4493 | 1.6217 0.8753 0.6578 0.4328 42244 0.0050 DeepLearning
DeepLearning_grid 2 AutoML 20210509 122220 model 7 0.5000 | 0.5029 | 1.6521 0.8892 0.7551 0.5702 75354 0.0047 DeepLearning
DeepLearning_grid 2 AutoML 20210509 122220 _model 13 0.5000 | 0.6171 | 1.2391 0.9204 0.6826 0.4660 55295 0.0048 DeepLearning
DeepLearning_grid 1 AutoML 20210509 122220 model 7 0.5000 | 0.4018 | 1.4567 0.8596 0.6231 0.3882 42326 0.0048 DeepLearning
DeepLearning_grid 2 AutoML 20210509 122220 model 5 0.5000 | 0.5568 | 0.6945 0.9163 0.4854 0.2356 66161 0.0050 DeepLearning
DeepLearning_grid__1_AutoML_20210509_122220_model_1 0.5000 | 0.6232 | 1.5258 0.9183 0.6147 0.3779 80949 0.0063 DeepLearning
GBM_grid__1_AutoML_20210509_122220_model_23 0.5000 | 0.6037 | 0.4832 0.9144 0.3396 0.1153 966 0.0096 GBM
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mean predict
training
model_id per class auc logloss aucpr rmse mse time per algo
time ms
error row ms
DeepLearning_grid 1 _AutoML 20210509 122220 model 13 0.5000 | 0.5775 | 1.3580 0.9101 0.6786 0.4604 39776 0.0089 DeepLearning
DeepLearning_grid 2 AutoML_20210509 122220 model 3 0.5000 | 0.6322 | 1.3120 0.9277 0.7193 0.5174 39176 0.0096 DeepLearning
DeepLearning_grid_ 3_AutoML_20210509 122220 _model 14 0.5000 | 0.6215 | 1.0928 0.9269 0.6145 0.3776 270380 0.0107 DeepLearning
DeepLearning_grid_ 2_AutoML_20210509 122220 _model 12 0.5000 | 0.5925 | 1.1077 0.9198 0.6435 0.4140 41325 0.0045 DeepLearning
DeepLearning_grid__1_AutoML 20210509 122220 _model 15 0.5000 | 0.4955 | 1.4423 0.8957 0.6650 0.4423 63327 0.0050 DeepLearning
GBM_grid 1 AutoML 20210509 122220 model_42 0.5000 | 0.5801 | 0.4214 0.9117 0.3372 0.1137 874 0.0085 GBM
DeepLearning_grid  3_AutoML_20210509 122220 _model_11 0.5000 | 0.5698 | 1.0823 0.9070 0.4374 0.1913 373642 0.0127 DeepLearning
GBM_grid__1_AutoML_20210509_122220_model_6 0.5000 | 0.5587 | 0.4013 0.9075 0.3368 0.1134 713 0.0070 GBM
GBM_grid 1 _AutoML 20210509 122220 model_16 0.5000 | 0.5678 | 0.4418 0.9065 0.3408 0.1162 1220 0.0090 GBM
GBM_grid 1 _AutoML 20210509 122220 model_10 0.5000 | 0.5814 | 0.4449 0.9074 0.3380 0.1142 742 0.0074 GBM
DeepLearning_grid 2 AutoML 20210509 122220 model 14 0.5000 | 0.5959 | 0.7902 0.9224 0.5102 0.2603 161722 0.0078 DeepLearning
DeepLearning_grid 2 AutoML 20210509 122220 model 4 0.5000 | 0.6103 | 1.1170 0.9247 0.5678 0.3224 229621 0.0084 DeepLearning
DeepLearning 1 AutoML 20210509 122220 0.5000 | 0.6773 | 0.5882 0.9404 0.4527 0.2050 450 0.0047 DeepLearning
DeepLearning_grid 3 AutoML 20210509 122220 model 4 0.5000 | 0.5410 | 0.7941 0.9054 0.4540 0.2061 382302 0.0118 DeepLearning
DeepLearning_grid_1_AutoML_20210509_122220_model_10 0.5000 | 0.4622 | 0.6713 0.8844 0.4745 0.2251 34500 0.0053 DeepLearning
GLM_1_AutoML_20210509 122220 0.5000 | 0.6637 | 0.3609 0.9372 0.3277 0.1074 787 0.0042 GLM
GBM_grid__1_AutoML_20210509_122220_model_2 0.5000 | 0.5559 | 0.4104 0.9055 0.3370 0.1136 958 0.0079 GBM
DeepLearning_grid 3 AutoML 20210509 122220 model 8 0.5000 | 0.5850 | 0.8510 0.9190 0.5242 0.2748 87769 0.0054 DeepLearning
DeepLearning_grid_ 2_AutoML_20210509_122220_model_10 0.5000 | 0.5804 | 1.1685 0.9169 0.6635 0.4403 45661 0.0057 DeepLearning




mean predict
training
model_id per class auc logloss aucpr rmse mse time per algo
time ms
error row ms
DeepLearning_grid 1 _AutoML 20210509 122220 model 4 0.5000 | 0.5158 | 0.7217 0.8938 0.3797 0.1441 81132 0.0057 DeepLearning
DeepLearning_grid_ 3_AutoML 20210509 122220 model 1 0.5000 | 0.5047 | 2.2076 0.8926 0.5999 0.3598 324137 0.0109 DeepLearning
DeepLearning_grid_ 3_AutoML_20210509 122220 _model_7 0.5000 | 0.6216 | 0.6356 0.9247 0.4665 0.2176 141179 0.0060 DeepLearning
DeepLearning_grid_ 3_AutoML_20210509 122220 _model 15 0.5000 | 0.6202 | 1.1662 0.9225 0.6102 0.3723 129920 0.0067 DeepLearning
DeepLearning_grid__1_AutoML 20210509 122220 _model 8 0.5000 | 0.6620 | 0.5019 0.9364 0.3822 0.1460 43291 0.0051 DeepLearning
DeepLearning_grid  2_AutoML_20210509 122220 _model_11 0.5000 | 0.5939 | 0.8061 0.9217 0.4316 0.1863 250291 0.0091 DeepLearning
DRF_1_AutoML_20210509_122220 0.5000 | 0.5839 | 0.4332 0.9166 0.3351 0.1123 979 0.0062 DRF
GBM_grid__1_AutoML_ 20210509 122220 _model_35 0.5000 | 0.5694 | 0.4257 0.9102 0.3401 0.1157 1333 0.0100 GBM
DeepLearning_grid 2 AutoML 20210509 122220 model 1 0.5000 | 0.6122 | 0.9281 0.9154 0.3873 0.1500 180853 0.0101 DeepLearning
DeepLearning grid 1 AutoML 20210509 122220 model 11 0.5000 | 0.6231 | 0.8945 0.9235 0.4570 0.2089 126387 0.0057 DeepLearning
DeepLearning_grid 1 AutoML 20210509 122220 model 14 0.5000 | 0.4733 | 0.6589 0.8840 0.4188 0.1754 78295 0.0053 DeepLearning
DeepLearning_grid 2 AutoML 20210509 122220 model 15 0.5000 | 0.5031 | 0.6446 0.8853 0.3551 0.1261 106238 0.0054 DeepLearning
DeepLearning_grid 3 AutoML 20210509 122220 model 2 0.5000 | 0.5006 | 1.3709 0.8941 0.7283 0.5304 32324 0.0039 DeepLearning
DeepLearning_grid 1 AutoML 20210509 122220 model 2 0.5000 | 0.5462 | 1.3443 0.9121 0.6792 0.4613 21700 0.0045 DeepLearning
GBM_grid__1_AutoML_20210509_122220_model 17 0.5000 | 0.5661 | 0.5462 0.9016 0.3459 0.1197 1782 0.0090 GBM
DeepLearning_grid 3 AutoML 20210509 122220 model 12 0.5000 | 0.6384 | 1.0279 0.9316 0.6319 0.3992 64944 0.0043 DeepLearning
GBM_grid__1_AutoML_20210509 122220 _model_33 0.5000 | 0.5348 | 0.3939 0.8979 0.3359 0.1128 523 0.0066 GBM
DeepLearning_grid 1 AutoML 20210509 122220 model 3 0.5000 | 0.6894 | 0.7733 0.9431 0.5306 0.2815 23076 0.0042 DeepLearning
DeepLearning_grid_ 2_AutoML_20210509_122220_model_2 0.5000 | 0.5652 | 1.1702 0.9094 0.6765 0.4576 41558 0.0038 DeepLearning
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mean predict
training
model_id per class auc logloss aucpr rmse mse time per algo
time ms
error row ms
GBM_grid__1_AutoML _20210509_122220_model_46 0.5000 | 0.5654 | 0.4513 0.9074 0.3412 0.1164 2206 0.0162 GBM
DeepLearning_grid 1 _AutoML_20210509 122220 model 5 0.5000 | 0.5598 | 1.2412 0.9141 0.6252 0.3909 68782 0.0046 DeepLearning
DeepLearning_grid 3 AutoML_ 20210509 122220 model 6 0.5000 | 0.5425 | 2.0822 0.9124 0.6823 0.4656 73526 0.0053 DeepLearning
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