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The fast-rising number of vehicles on the road resulted in a matching
number of traffic accidents, especially during long holidays when people travel back
home. A better understanding of the risk factors leading to traffic accidents may help
decrease the number and to prevent severe injuries and deaths. This research
addressed the imbalanced binary classification problem of predicting injury severity of
road traffic accidents during New Year festivals in Thailand using open government
data. Random undersampling and oversampling with SMOTE, and the combination of
both undersampling and oversampling, used to rebalance training instances before
fitting any Random Forests models. The results showed that random undersampling
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ieTasriutloyun Overfit Iﬂﬁlﬂ’]?Wﬁlﬁﬂﬁul‘ﬁfﬂyjﬂlﬁmﬂﬂﬁqﬂ Tnenwenenutiadudeyaiy
4 Training uardaya Validation aduilasuildaupsuudasutnananfinusiuan K-
Fold flsninnsutivlsineu vinlslantasas Model Idiaadayafivainuane mezdeya

¥
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All Data

Training data Test data

Fold1 || Fold2 || Fold3 || Folda | Folds |

Spit1 | Fold1l | Fold2 || Fold3  Fold4 | Fold5
Split 2 Fold 1 Fold 2 Foid 3 Fold 4 Fold 5
g : 3 = > Finding Parameters
Split3  Foldl | Fold2 || Fold3  Fold4  Folds

Spiit4 Fold1l | Fold2 || Fold3 | Fold4  Folds

SpiitS  Fold1 || Fold2 || Fold3  Fold4 | Folds |/

Final evaluation { Test data

ANWUITNAL 4 LAAINITNI9IULBY Cross Validation (J. Mach. Learn. Res, 2010)

v
o

TnandunauusnazinnIsuisdayasaniiu Training Data uax Test Data lagil
Test Data 131azta1 1innaaudunaugaing uatiidaya Training Set 1wl Fold 4aa
lunsarAfaaaanis Split Unuafiedounilaiudaya Validation wasimaniiludaya

- o o B o T T . e . o
Training Set HAYAAAUILALUAUAINAIUINTDULDY Split M3 ity ARy Fold N30
o dl aa 1 o = v QI o o dgl 1
Mnue FelnARNULINA WU Fold 111 5 wFa 10 (1891911 MBAANWIU Fold NanTuinle
| 4
fitilszunanalauiuau aannilsenay 4
2.2.4 mMsInUszANEnIN

Tun13dnilseAnSnInaesiuuanaaInIsIuIEdIa181snNewlaa1el

Use@NTAIN LUUAIaeINIIIUeimNazaniudeyau1etila luuisaniunind
?/ ¥ A [ dl dl a o dgl a o 1 o
NT1ZRLUUABUABNNIAITANMNITAN TI91UITeUNTU szl udAA N LE BT LAY
a a o a Y o d”

Use@nEninaeanisvinung ausnedune lamsil

LULA1889NT9vNugaadn1satunssinn luwuuluws nasdamanuLsug
wazidsz@nsninaesluing drldAAaugniesaas Accuracy atgihasanalad
Usz@nBninne 1 drdeyaiilymassaonuliannavasdays (Imbalance Data) dndasya

1 ] o o o ' [ = dl 1 =

2 NANANAUAIUIUNIN ANfat1eNITINLIEA1INazanyn 70 T Wawnantiulil 20 T

YIuegneaes 100 wefidus udaiariuieiallus 1 Afa 1a19u1enn vinl9 Accuracy 44
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nau 100 wafifus Asiunisdnanuuluwazlsc@nsninaasuuuatansluiloyuiiuy
nsauunisvinnazilssnaumanssiallil
Confusion Matrix 1un19a5196a09n19MNWEaaNNNTY
Positive Class ifluna1azasdeyanaula faanismeu fesniaun i aula
| ai a aa o 1 = 1 ¥
nauaasAUNALTIRAINgLURMR udmaAn el s dusu
Negative Class {lupatarasdayanlulaanla 1iu nquassauin ldi@am@nain

guimwa ludanaAn st lug s

Q
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aunsnaduilasuiulanndmglsvasd wanziiulisnudiaulanguaesdasys
nax 1 Lazm1319 Confusion Matrix LluipsasiiandiAnylunistszifiudnanuudiutiuas

a

Usz@nnmassuutaiaasiinueiudayaniialua sesninwisenay 5

Actual Values

Negative Positive
n
)
2 True Negative False Positive
© Negative
> (TN) (FP)
o
)
=
=
O : .
()] Positive False Negative True Positive
| —
al (FN) (TP)

ANUsEnau 5 LaAIA1919 Confusion Matrix (Kevin Markham, 2014)
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'
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True Positive (TP) Aadayaninn19Muansa i L&A
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X @ a Ay [~3 =

AUATAININATURAATY 11 HELNAIRLANYURMANIALTIAATY LATLLUANAIINWIEL
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EUALRLANNUR LA A TR

True Negative (TN) Aadayanvinn19yinunaasaiuRINNATIUATY ABLLLIANASY

a I a 1

yunednliaseuasdeiifintufae laiaie idu SdurndangdRme i kidedinese uay

=
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False Positive (FP) Aadayaiiuuaiaadrinnisinuiaudn ldgnsiaaiudedn

a dg/ a A o o 1 a IQI ai a K <A 1 a 1 a ¥ [~3 Y ai
NAYUATN ABLLLRINABAINIUIEINAIN LLG]’&\‘W]Lﬂ@“]Juﬂﬁ@VLN@N b1 NHUALALATNRUARN
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T RTINS UWALLLIANABYINUNENHUNALRIANGITRIMEAETIR T9aseuaafasatilungu
2189 True Negative
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NATWA3a Aavinunadn a3 wARiAnIuAReass Wy JuialduaIngifime
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[n]
=0
o)
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Lo

L

| ) o 1 £ [~1 ai 1 a aa dl a Y v 1 1
WALLLRIABANINIUIEIHUIALRUAIN AL L‘Vi[ﬁl‘l’]1llL'Aﬂ°ﬁQﬁ] sﬁ\‘l@ﬁ\‘iLL@Q[ﬁlﬂ\‘l@ﬂﬂuﬂQN‘ﬁ‘ﬂ\‘i True
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Positive
dNn9nlddasaa89 Confusion Matrix lum319N LN UATEAIAIINTINA

AuuIARN LB Az sEANEN N Tealiiag Tugiuuusine fall

Accuracy A8 AYINYNUENTBINGNATINUILYNABIALNIINUIEIANNA
Accuracy = (TP +TN)/(TP+TN +FP + FN) ()

Recall %78 True Positive Rate (TPR) #38 Sensitivity A8 N3 AUEAT149101T

o A D o A alo ~ A o A v A o oA
VlﬂuWWﬂﬂWﬂ\‘lWﬂmquﬂ@\‘mLﬂu‘ﬂﬁ‘w\‘mum V?@ﬂ’]ﬁ“ﬂL‘J"]L@']E‘]Q'Q?Q@‘ﬂﬂg\ni@ﬂ?@@m?q@qum

u

lilaansaase TauNnuA LU 138 8R39171997 True Positive Weufil True Positive M9uNm

L

Fat1eiy anyAMiwaduiaiiuanaimianidedan lnaaenduiaiiuainaiimimeun

q

1,177 210 2,000 AW wAaYNWIEd guInduaIngliRmsazilan adadin dounivae 823

o

| & aa A | a v @ Y o
ﬂu@:ﬁilﬂﬂﬂéﬁqm@qﬂﬂqﬂ AR WAZLNBLNEUATIAIN HUIAMRILNLARNNI 1,177 AU Lﬂuau’]@mﬂ

o A a A o d ° ~ =2
MNgU RN LAY TIIANINNALAL AN Recall @uﬂu 1 LLUUWq@‘ﬂ\?Nﬂqﬁ‘g@ﬂW@J\‘]N’]ﬂ LNTNE

q

o 24 Y
A u17nFanaenanlaaanunls

Recall =TP/(TP + FN) (3)

<

Precision Aa A1Naulanan1svinwng (Prediction) diunguiaulawinls fine
NguaaY Positive NaNMNWIAYNWINTS 1 WULANaasIWedT 1,177 Aw 1TTu Positive Nilay
llpdn 1,177 A iunagnsesualuu dauangn 1,000 A0 1,177 AW G14NA1 Recall

v
WiNfU 1 WEAN Precision azLanasiauLan ladn1s MU 1aduuLANaa<tiuilse AN nan
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wAlvu uazdnaenlaen Precision g7 Aavinli FP HA1Y 0 A1 Precision azilAiu 1
Ihae wailuasrnduasedn FP i 0 16 azdessannsngiuligeld lunisdnaenngs

sransdasnadidy Positive
Precision = TP/(TP + FP) (4)

False Positive Rate (FPR) Ag A12298R91n 1991wl miauiudeya

Negative f’léwum
False positive rate (FPR) = FP/(TN + FP) (5)

F-Score palfluANazyiaue Recall il Precision wiaxiu 1y General Term

i laszyAusn (Beta) Wlunnslimnuinmin (Weight) An Precision i Recall 31 F fafiay
deauA1aLlaNINNINTU SIALAIYINAL 0.5 ¥Rl Precision 8ANNININNILAZAN
¥ [ v ! | - o [ A dl
WANNINU 2 A2<NRUAN Recall 8anWININN21 Precision 411194 F1-score AR F-score 7

FLYANUFINAL 1
F_1=2. (Precision X Recall )/(Precision + Recall) ()

Precision-Recall Curve azu@n4 1L aa9A1 Precision LAz Recall 019
Tradeoff fiu Tm&ﬁmmqm’]@mm Precision g3 LazA" Recall azifaeias viza Precision tiagl
: N A A a o v ¥
LazA Recall axge 398uagiUN136IA1 Threshold lunisiaenngu Positive Naula d1sq
A1 Threshold gasnn Tananazléngw Positive Aiazaaas insznissanmsguligenan
Antaniailinanalunisiaennguiaasaziilu Positive wstlasangunaniliifiuanliasy
~ ° v i - £ v L. BN Y
neoutazyn 1 False Negative WHTU LAZATIAT Precision 44 LHAIAT Recall aSaAAd LFANIAN
Recall g3 AN Precision Azana3
Receiver Operating Characteristic Curve (ROC Curve) iiludanianldlunsg
FaUsc@nininaoiugniesaesnisnainsal Aunlinsin ROC NHATNINLARIGN

o o

LULANABNTUEHANNIINMETIYNFadNin ROC Curve uns A nduiussendnuny
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Y unu Sensitivity (True Positive Rate) LN x Wi 1-Specificity (False Positive Rate) A4
Tunanilsenaud 6 §1A1199 Sensitivity uaz 1-Specificity 1A1g3n91W ROC Curve az1As
y y o . da | s . 4 a X das
dnvyudraus sadunanisinuienidsz@nsnings) Avlunwdszneudn 6 wisaiiun’le
N3 143 ROC Curve HIWN1TLNTAINYNABIUTAAIINUITONDLIFAIULLAIABINIT
e Gruuuataednisvinuiglandnuinlgns v ROC Curve (ROC AUC) ¥1nganiadnd
se@nsnInungn

Sensitivity 1132 True Positive Rate (TPR) AaA1 Recall

e TP
Sensitivity = —— (7)
TP+FN
Specificity %138 True Negative Rate (TNR) A8 8AT14912890AN1IN1UN8284
ngndayainliaula (Negative Class) Nnunagnsiay sasaruaumen1saiisuuaiungs

dayanliaula (Negative Class) aslugininisenay 8

.y . TN
Specificity = —— 8)
FP+TN
: e s
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0.9 ideal = ‘—”_—

0.8 // i
E. ’ / \ better e Sy
b < -
Z 07 / et
z / o
7 7
2 06 { :
= .
=3
= / \
Bosl: L good
- 4
-~ ’
) ‘ — — TYPICAL A
5 0.4 ]
2 - - - - = TYPICALB
ol
P ’ — D RFECT
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False Positive Fraction (1 — Specificity)

nwdsznau 6 LanLUIAAYaY Receiver Operating Characteristic Curve (Tourassi, 2018)
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TNITANHIAUAINNIUIAENLNEIURINTNIT
o e a o ai dl ¥ = = [ % agll
MUHBLAUFANTITTIRTURN WO U Tmﬂmm SNINEUIVANNTILRSLRE AR

(1) UnAINNASELTae The Traffic Accident Hotspot Prediction : Based on The
Logistic Regression Method IAe Tao Lu, Yan Lixin, Zhu Dunyao, Zhang Pan China (Lu,
Dunyao, Lixin, wag Pan, 2015)

a o dg/ ¥ o = [ o v dl
mm%ﬂmmmmﬂmm?mmwmmaﬂ@m@mummmm%uuwmauu LR

dl aa a L 1 o dl dl o o
sryandeenilanianngimvngamasluszndnanisdud wediulganudaensialunig

eunanuzuazlszAnininnisaziasicunisieuatamtii Inalddayaain 400 4a

I__nQ

©

o

ayaqiiRvArasnuuaagAy 10 araluiiesiinfsannt 2004 Deil 2007 Taalddaudls
Baszyianun 6 5 A 1), Teyasnludunuusnuang Usznauson Nawafian, laudngeny,
N9, nednane 2). deyaniamansuarounluruumuayluidas nenasilsznausdas
NINATUNINUANTUNTY, NIIURNTUADY, NINUANTUAIN, NIuaFunduaznunly
guun nuuluiestlsznaufog neaulienuua e uAN LA I BUAIET9 3). TayaanIn
E y S . . R .

WUHANUW 4). ToyadnINN1sHeliuin Ae 1Aty etvEsdmiunsduaetnalaansde Tu

nlianesindularesdduaazlAsunansznuetingguusd 5). fayaanInaedeIUNINULE

'
Yo

6). Tayaan uzaasddud Usznaumaniauiudadu A uLean N1INILNRANYUNE

a

a o

agnagilusiu uaz Label Ao aziinglimmnize l\ifingiRimeasas
LARYINNITREN LI LLLIANABINNIVNUN L R AAL aRI8991 TRLAATIA T ULTIBI DU
4 . . 0 a2 o 1 o dgj v dld o
Taeld Logistic regression NANI33AANUANILUUANABIRANN1TD IA AN AT U
20m4Lln10991 RN TLUTIBNOUN AREERIINYNFBT 86.67% ATN190 MNANTANHT
] A o o dl v A 1 ¥ ¥
Talunnsdaeiaamnutlaaaiaaeseuninug lunsduliuazudaimauamiinuasdalaue
Auiunnsdiudadnedaansie
(2) UNAINASBIFeY Live Prediction of Traffic Accident Risks Using Machine
Learning and Google Maps 1agl Meraldo Antonio (Antonio, 2019)
o AW oo = ° o Y -
NuAdsilavinnsAnEnaunagiRmRaasiaeld Scikit-Learn, Google

Maps API, Dark Sky API, Flask ila& PythonAnywhere Tmﬂﬁjﬂgj@@’m Kaggle ﬁmﬁ’@yj@ﬁﬁ

el a

= dl o L) dgl % Z// dl [ I =
NUATLRLANLINUYUALUAANININLRANLNALY 1.6 ATUAN N Tuansganunans seua9ell

2543 14 2557 Usenausiang 33 ABANY NIUMINIIEAZIBYA LW ADTUNNAIARINTULINTDY
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L2

guiRWA 999 INgARENINEUATN1999129597] wazdayaann Dark Sky ludayaann

q 3
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annania Annswisandayainisldmatianisdnnguassdayalaalddanasiin DBSCAN

[
[ % | aAaae A )

Clustering Tunnsdangu luWunnisAd 25 was wazdaimmsistulusadtulddaandn
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14 a5 doudayanaguannguazlismnaglun1minsziaial

U 9

NISWIN UL LA1A0IN1 3NN kLT Aty a a9 aq8 Tudnandau 70:30 L
gadayanasuuaznaday Iagld Classification Models Usznausag Support Vector
Machine (SVM), Logistic Regression W& ¥ Random Forest aziailsz@ntninuay

al 1 J 72 dl o n:i al a a =
Wraumauasuinglngld Accuracy uaz AUC euuua1aeainaaauilss@nsning
4nAa Random Forest Ine/ld 25 Features 911l Numerical Features 16 Accuracy winriy
83.47 uaz AUC WMl 87.05
nisfmsansldautesiinallduiuualnaindulasld Flask uaz HTML 5

Tneldldauarunmnladeyasunisuasdaranisaasgldeuriuuwnui aladeyamani

u
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1) udazgnaFresaudu POST request azgnas i snidsniiaanas nlidayadunm

wanil azvinmiinduenfiausirasiefdi Call Google Wardutazizandn Google Maps

APl Faaz ldun19ni1sduanangs N9 @aumAanaaddunieainmunigldsedananig

q
4

o A o S s A a s <y o
LAZYINLATENUNNEAAAATDIN UL ANNIALN NN AAAR TR T LLA
(3) UNAITNIAE 39 Using Machine Learning to Predict Car Accident Risk
a2l Daniel Wilson (Wilson, 2018)
o Moo = ~ o A . . | e
NuARERlAINNMsAnEIN19EIII09LATEY (Machine Learning) 1ndasddmnAL
Tnensinunagumauuidunaunluizgniviresansgawing Inalddeyaann NOAA
5 IS XK =) ¥ ¥ 1 a
viannm 7 1 T 2012 09 2019 Usznaumas Feature 189184 ARNINAINIA LTU UL
ANNIFITBIAN TIALAAENNTNENTN BN Auzan diudeinagu Auanaaeiny
azdeyanes AMEIRANialwiasnuy AKTAIIeInU 1TH10s Traffic 1R@Y NuENT8Y
d’l a o & 1 1 £
nuu AuEanu uaztadaaeanyeel W Acuuuidesszang theluwnn uazdeya
2090uu 11U nuuniugugnas fanenislianesasasuunuy
Tunisesandayadnisldimaiia Undersampling lunasur ta oy w1
Imbalanced Data Tunisidanluusias Class 1as Label Tivinri
NIWAUILLLA1 RN I wegUiRmnuBdun1eau Tnedenldlunaes

Decision Trees waz Gradient Boosting wazdnuss@nsn1nuasn1aiFauifie A uwaien
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Tneild Accuracy, Precision, Recall uaz AUC suuuanaasiinagaufiszavaniwaigade
Gradient Boosting & Accuracy Winfiu 68.59 Precision Winiu 31.14 Recall winfiu 89.07
LAz AUC winfiu 82.82 Tnefiluinaaes Decision Trees Atloyun Overfit 41a lunnsilinaau
(Training Model) ls Generalize 7u New Data l1Wn13% 11189094 LLA1889 WA Gradient
Boosting #119111A8 39NNARNEANN Decision Trees Auanarafuuazinulszananald
159

(4) U‘tflﬂfmu?a‘-‘uvﬂﬁ?‘ﬂ\‘l Analysis of Accidental Deaths During Songkran Festival
Using Data Mining 1agl Pornpimol Chaiwuttisak (Chaiwuttisak, 2019)
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o a o o

9 o g v " A o aa
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(6) UNAINNAREY 1304 Spatio-Temporal Analysis and Machine Learning for
Traffic Accidents Prediction Ta & Diena Al-Dogom, Nour Aburaed, Mina Al-Saad, Saeed

Almansoori (Al-Dogom, Aburaed, Al-Saad, kaz Almansoori, 2019)
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LaNAnun ladedan 1Hedan Fruauianan Mortality Rate (%)
01:01-02:00 . 6,027 146 6,173 242
02:01-03:00 U. 4656 109 4,765 234
03:01-04:00 1
04:01-05:00 W
05:01-06:00 W.
06:01-07:00 U. 3,015 78 3,093 259
07:01-08:00 U. 5,737 105 5,842 1.83
08:01-09:00 U. 7,551 104 7,655 1.38
09:01-10:00 U. 7,455 107 7,562 144
10:01-11:00 U. 8,581 105 8,686 122
11:01-12:00 U, 9,095 17 9212 129
12:01-13:00 U. 9912 114 10,026 115
13:01-14:00 U. 9,933 132 10,085 133
14:01-15:00 U. 10,567 151 10,718 143
15:01-16:00 U. 12,194 174 12,368 143
16:01-17:00 U. 15,105 181 15,286 1.20
17:01-18:00 U. 16,288 202 16,490 124
18:01-19:00 U. 16,540 276 16,816 167
19:01-20:00 U. 14,037 239 14,276 170
20:01-21:00 U 11,646 226 11,872 194
21:01-22:00 W, 9,646 172 9,818 178
22:01-23:00 1. 8,182 163 8,345 199
23:01-24:00 1. 6,515 120 6,635 184
24:01-01:00 W, 8,535 199 8734 233
lu'm:u 1,733 40 1,773 231
FUIUNIVNA 211,385 3,564 214,949 1.69
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6-10 2.93% 0.02% 2.95%
11-15 0.08% 10.73%
16-20 18.96% 0.23% 19.19%
21-25 12.93% 0.21% 13.13%
26-30 0.18% 10.49%
31-35 8.26% 0.16% 8.42%
36-40 6.89% 0.15% 7.04%
41-45 5.99% 0.13% 6.11%
46-50 5.03% 0.12% 5.15%
51-55 4.03% 0.09% 4,12%
56-60 2.88% 0.08% 2.96%
61-65 1.83% 0.05% 1.88%
66-70 1.16% 0.04% 1.20%
71-75 0.81% 0.03% 0.84%
76-80 0.43% 0.02% 0.45%
81-85 0.15% 0.01% 0.15%
86-90 0.03% 0.00% 0.03%
91-95 0.01% 0.00% 0.01%
96-100 0.12% 0.00% 0.12%
smnurisuua 98.34% 1.66% 100.00%
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479218 lada®in \dedin Susunavun Mortality Rate (%)
15 10,679 115 10,794 1.08
6-10 6,299 40 6,339 0.64
11-15 22,886 175 23,061 0.76
1620 40744 505 41,249 1.24
21-25 27,786 445 28,231 1.60
26-30 22,167 387 22,554 1.75
3135 17,764 336 18,100 1.89
36-40 14,820 319 15,139 215
4145 12,865 279 13,144 217
46-50 10,810 252 11,062 233
51-55 8,661 192 8,853 222
56-60 6,183 171 6,354 277
61-65 3,932 115 4,047 292
66-70 2,484 93 2577 3.74
71-75 1,737 70 1,807 403
76-80 926 48 974 5.18
81-85 316 12 328 3.80
86-90
91-95
96-100 253 3 256 1.19
duaunanan 211,385 3,564 214,949 1.69
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149,667
147,281

[l Not died
M Died
55,866
55,159
7,410 2,007
2,386 707 315 -, 186 1,851
Driver Passenger Pedestrian Unknown
Victim status Not died Died Total Mortality rate (%)
Driver 147,280 2,386 149,666 1.62
Passenger 55,159 707 55,866 1.28
Pedestrian 7,095 315 7,410 4.44
Unknown 1,851 156 2,007 8.43
Total 211,385 3,564 214,949 1.69
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170,992
BNot died
M Died

12,902
9,814 6474 6150 2145 1,906 1,220 1,102 874 651 535 185

Motorcycl Pickup  Bicycle  None/  Sedan/ Other  Tricycle Unknown  Van  Publicbus Truck Omnibus Tricycle
es Falling by  Taxi Bus
itself

Driver’s vehicle = Not died Died Total Mortality rate (%) =
None/Falling by itself
Truck
Other

Sedan/Taxi
Pickup
Unknown
Tricycle Bus 1,861 45 1,906 2.42
Van 1,080 22 1,102 2.04
Omnibus 526 9 535 1.71
Public bus 861 13 874 1.51
Bicycle 9,670 144 9,814 1.49
Motorcycles 168,693 2,298 170,991 1.36
Tricycle 183 2 185 1.09
Total 211,385 3,564 214,949 1.69
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116,115

BNot died
M Died

2,094 1,235 1,076 806 618 285

V2 —) | 869 [.()}: B— ] 726 PL 10
None/ Motorcycl Pickup  Sedan/ Other  Unknown  Truck Bicycle Van Tricycle Public bus Omnibus Tricycle

Falling by es Taxi Bus
itself
Parties’ vehicle = Not died Died Total Mortality rate (%) =
Public bus 722 84 806 11.63
Truck 2,449 246 2,695 10.04
Van 1,175 60 1,235 5.11
Unknown 6,080 226 6,306 3.72
Pickup 24,667 869 25,536 3.52
Sedan/Taxi 13,730 409 14,139 2.98
Other 9,435 190 9,625 2.01
Omnibus 606 12 618 1.98
None/Falling by itself 114,986 1,128 116,114 0.98
Tricycle Bus 1,066 10 1,076 0.94
Motorcycles 34,101 319 34,420 0.94
Bicycle 2,084 10 2,094 0.48
Tricycle 284 1 285 0.35
Total 211,385 3,564 214,949 1.69
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ANMENNS laAadan 1Hedin SUAUNINA Mortality Rate (%)
lainau 12,004
isda 5,234 93 5,327 178
1alld 162,060 2,375 164,435 147
ldsianan 32,087 243 32,330 0.76
si"nmuﬁgwuﬂ 211,385 3,564 214,849 1.69
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104345 BINGt died
H Died
61,258
59,432
42,075
41,706
5,981
1,290 1,826 369 794 5,902
Rural road Highway City road Unknown
Type of road 5 Not died Died Total Mortality rate (%)
Highway 59,432 1,826 61,258 3.07
Unknown 5,902 79 5,981 1.34
Rural road 104,345 1,290 105,635 1.24
City road 41,706 369 42,075 0.88
Total 211,385 3,564 214,949 1.69
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?a’lﬁmwmmaﬁ%’uﬁmmsu L dedin \Aedin Suaunae Mortality Rate (%)
upTilsu
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ERENTE 831 16 847 193
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nia 1,089 20 1,109 1.84
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Nﬂ'ﬁ’]‘hu??ﬁbﬂﬂij 707 12 719 170
fFun? 906 15 921 166
Weaneezanuanzid 1,150 19 1,169 165
WrzuATATaLsLn 798 13 811 163
anit 705 1 716 1.56
WasauEanm 939 14 953 149
saift 752 1 763 146
YArEiin 1,382 20 1,402 145
aRzRad 761 10 771 1.31
wFFud 953 12 965 1.26
AyNIAIAT 718 9 727 125
walug) 1,119 13 1,132 116
UNFIEUATIIERIN 1,248 14 1,262 1.12
fumzdng 715 8 723 112
LR 731 8 739 1.09
1hmea 971 3 980 093
ABLAL 1214 1 1,225 0.91
Asran 786 6 792 0.76
TR 1748 12 1,758 0.69
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Fuiusnun “Livdniia Wdetia FIIUI LU
0 1.43% 89.23%
1 5.53% 0.13% 5.66%
2 1.58% 0.04% 1.62%
3 0.92% 0.02% 0.949%
4 0.51% 0.01% 0.52%
5 0.43% 0.01% 0.44%
6 0.27% 0.00% 0.27%
7 0.33% 0.00% 0.34%
8 0.15% 0.00% 0.16%
9 0.10% 0.00% 0.10%
10 0.13% 0.00% 0.149%
11 0.06% 0.00% 0.06%
12 0.08% 0.00% 0.08%
13 0.04% 0.00% 0.04%
14 0.06% 0.00% 0.06%
15 0.05% 0.00% 0.05%
16 0.04% 0.00% 0.049%
17 0.03% 0.03%
18 0.03% 0.03%
19 0.01% 0.01%
20 0.02% 0.02%
21 0.01% 0.01%
22 0.01% 0.00% 0.01%
23 0.01% 0.00% 0.01%
24 0.01% 0.01%
25 0.01% 0.00% 0.01%
26 0.01% 0.00% 0.01%
27 0.01% 0.01%
28 0.01% 0.00% 0.01%
29 0.00% 0.00%
30 0.01% 0.01%
31 0.08% 0.00% 0.08%

FIIUNIULR 98.34% 1.66% 100.00%
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F1aUAUENEN (NGETC ILECE SnunuRavae Mortality Rate (%)
0 188,724 3,065 191,789 162
1 11,886 272 12,158 229
2 3,39 77 3473 227
3 1,978 51 2,029 258
4 1,096 30 1,126 274
5 922 19 941 2.06
6 574 10 584 174
7 718 5 723 0.70
8 331 4 335 1.21
9 220 4 224 182
10 288 4 292 139
1 132 2 134 152
12 163 4 167 245
13 86 2 88 233
14 123 1 124 0.81
15 101 1 102 0.99
16 78 3 81 3.85
17 56 0 56 0.00
18 59 0 59 0.00
19 29 0 29 0.00
20 45 0 45 0.00
21 32 0 32 0.00
T S S
23 18 1 19 5.56
24 21 21 0.00
25 21 1 22 476
T 2 B
27 17 0 17 0.00
28 16 1 17 6.25
29 7 0 7 0.00
30 25 0 25 0.00
31 176 1 177 057

AMUAUNINANA 211,385 3,564 214,949 1.69
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126,951
126,591 B Not died
M Died

31,169

30,665 972
23,542 11,594 10414 »
11,415 9,695 17 1 528

360 504 530 179 719 634 95 15 528
Victims/ FR Foundation/ BLS ALS Not delivered Policeman ILS Died at the
Relatives Volunteer scene

Delivering method = Not died Died Total Mortality rate (%) =

Not delivered
ALS

5,580

6,214

Policeman 3,022 95 3117 3.14

Foundation/Volunteer 23,542 530 24,072 2.25

ILS 876 15 891 1.71

FR 30,665 504 31,169 1.64

BLS 11,415 179 11,594 1.57

Victims/Relatives 126,590 360 126,950 0.28
Died at the scene 0 528 528

Total 211,385 3,564 214,949 1.69
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126,277

125,290 B Not died
M Died
75,420
74,365
13,253
987 1,055 1522 1731
Don't drink Drinking Unknown
Alcohol drinking Not died Died Total Mortality rate (%)

Unknown 11,730 1,522 13,252 12.98

Drinking 74,365 1,055 75,420 1.42

Don't drink 125,290 987 126,277 0.79

Total 211,385 3,564 214,949 1.69
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Lirdaiia daifin Vouua
UATIAAN 9,712 123 9,835
Liia Tvai 7,810 120 7,930
Aaus 7,151 70 7,221
. UBULAU 6,676 103 6,779
STERs 1] 5,996 101 6,097
ATILNWUNUAT 5,853 63 5,921
. avuan 5,320 77 5,397
el Tib b1} 5,267 87 5,354
| Ldiessn 4,936 89 5,025
UATAITIINY 4,588 55 4,643
ASAzLN Y 4,459 54 4,513
AHuns 4,432 77 4,509
WATAITIA 4,092 103 4,195
L auwnslnnng 4,041 51 4,092
ERHIGN 3,942 80 4,022
©uwnTuIal 3,860 83 3,943
Alfia 3,831 46 3,877
WizuAIAIBNE 3,775 71 3,846
ERbiiTe 3,501 64 3,565
ansoil 3,389 58 3,447
Az 3,324 51 3,375
uasilgu 3,265 94 3,359
AAAUAT 3,143 46 3,189
vinoulan 3,105 66 3,171
Aund 3,084 49 3,133
Azt 3,042 55 3,097
f dnla 3,034 59 3,093
© 2020 Mapbox © OpenStresthap = { 1 AnsIas 3,022 54 3,076
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Thailand Car Accident Dashboard 2008-2015
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Thailand Car Accident Dashboard 2008-2015
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Training Set (60%) Test Set (40%)
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(0:126,832, 1:2,138)

Train (80%) Validation (20%) 85,980

(0:84,554, 1:1,426)
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Receiver Operating Characteristic
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