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ABSTRACT

Recently, policies and research to prevent increasing construction accidents have been actively conducted in the domestic construction
industry. In previous studies, the prediction model developed to prevent construction accidents mainly used only structured data, so
various characteristics of construction sites are not sufficiently considered. Therefore, in this study, we developed a machine
learning-based construction accident prediction model that enables the characteristics of construction sites to be considered sufficiently
by using both structured and text-type unstructured data. In this study, 6,826 cases of construction accident data were collected from
the Construction Safety Management Integrated Information (CSI) for machine learning. The Decision forest algorithm and the BERT
language model were used to train structured and unstructured data respectively. As a result of analysis using both types of data, it was
confirmed that the prediction accuracy was 95.41 %, which is improved by about 20 % compared to the case of using only structured
data. Conclusively, the performance of the predictive model was effectively improved by using the unstructured data together, and
construction accidents can be expected to be reduced through more accurate prediction.

Key words : Construction accident, Prediction model, Machine learning, BERT, Decision forest

xg

A Ful DA 73] Z7RE AslE ) S8 Sk YA e s
A L 9130 At o3 walle] 9, F2 AP o|ElThe TEI 0] AR T S-S SR8 TefalA Ra oS
ZHIck. webd, B AT PP ujolEis Bl 2E F2j9) vl gYuio]el S Bl BEste] AU 5L ST weF 5 =)
Sk 7k A AP o2 R AU B ATE IASES 98] DB ehleke] FYARCSD) 2

¥ 6,826712 Zg3kedek. P € vlolE] 5 FYUoIEl] Se 57bA SuelEe] A 2AS B

u] 4@ elo]ele] & BERT Qo] ALg15ich. 48 B w48 vjo] 6|8 SAlo] £88 Ala] o5 mele] A vla dsh, gl
ElUhS T8-S B uT}oF20 % S 95.41 %] STt EEHI) B AT Gk, v FGujolElE S BEIO2H o male]
AR A5 PP BB, Hrh A 622 B AN A 71T 5 ek,

ZMO] - A s, o|=x e, 7)A 8k, BERT, Decision Forest

f
i)
=)
)
™
o
i,
fd
b X9
R
N
i
re
4
=
>
M
i

i
w
L
N
o (Y
il
2
:?L_’,
in)
o

<W
off
Hr
2

* A3 - Avdsta v =Ag3Ee AA2g (Sungkyunkwan University - raonik6713@naver.com)
w23 - st v eageeetEt At asE, 58} (Sungkyunkwan University - ycleedh@gmail.com)
wex Aadieln A ATk WALy, 3-8kaAL (Sungkyunkwan University - mitjy@gmail.com)
Fikk 28 - AR} sk A FsHE 1lr, T8k} (Comresponding Author - Sungkyunkwan University - shparkpc@skku.edu)

Received November 5, 2021/ revised December 10, 2021/ accepted December 16, 2021

Copyright © 2022 by the Korean Society of Civil Engineers
This is an Open Access article distributed under the terms of the Creative Commons Attribution Non-Commercial License (http://creativecommons.org/licenses/by-nc/3.0)
which permits unrestricted non-commercial use, distribution, and reproduction in any medium, provided the original work is properly cited.




A48 AP A olEE 283 7IARSE 7Nk A2 H5 2d N

LME

BI=EHe] AkdAE] dsEAe) i Sy 11 %e] B,
=22} 11,0007 EAEhe Al Hle2l Asizckee] 2010
9 7.03 %0 2019 1094 %2 1057 7523] 27k Aoz
viERgTE tEo], AR <18k B=g w3k 3 Zo1ske] 2019
< 7o s A i) 24) oo =& FAIE 7ISST
(Ministry of Employment and Labor, 2020). o]2]8F =& =&
& o9 0 AP Aae] vige] ol & S} B 7Ps el
= AE oJw]E(Kim, 2008). 53], < 2010135 E] 201943
7 1037 24 4e] thEA KL A 9 APgAE AR
% 50 %7} W= o2 Yepkom(Korea Occupational Safety
and Health Agency, 2019), OECD =7}2] 719 Ak APl
2] Bl B wad s 7Y 2E45== OECD
357 3= 5 TAAQ] WhH ALAPERE 2R R Z2A)
oie] B2 APALL} sk 2102 YERGTK Choi, 2020).
A Ao 7P B S AlE AT ARt 2
& 73R A ofg) ITFRIES] AEt B ARSI Bk
Iz = Qlo] =7FAQl Fi 810 2 A3 Cho et al,
2017).

ol wa}, g5 2Rl DA dels HHoR T3]
A9 2 AAIAE AAH R ete] tifE 22
=S 2ePalgiti(Korea Labor Institute, 2013). £3], & JH=
A g T8 A F SR AArgsiar “ARdeE,
“ERPEhs R ATIHIEE niRe R EddEAAlIY A
$hs =Rslal QITHLim et al., 2019).

A A7 Sl ok A wak WsEolgk) Lim
(2019), Yu et al(2016) 2] Cho(2012)= 73815 Q91
2 F3l AR ] ==Bar A A A<kt
. Park and Kim(2021), Zhang et al.(2019) 23 Lee(2018)=
A ] PEE HPE "9AE Ylo|EE 24k AeiYas
EESIlaL 2Vl oS 91gk BIE HlRE dlofE 289
29248 7zskge) nReo 2, Choi et al.(2021), Kim et
al.(2017) Z28)al Cho et al.(2017)= A H|o|E]9] A wdl5S
B3l ZVIARNE ARl 53 7 Sl RS ARKsErE et
F2 2] A9 BAgE ARl A, ARRAA draet
T3 00, APA A ool gAY Qi oleigk

AlE S53b7] $18 71AIskE 719k 45 1l 7 At
75, @] kst A S4S Xeke v olHE
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7] S8t FFuolelvks &85k By, v Fo[ENke 83
e T2ja ZY g upgddelHE B areg Bdl F 3714
FrEo HeS Jdekal Ades A AEE S8l Btk
FAA o2, FYPu|olEE tEF2 EFH(Multi-class classi-
fication)ol] tHEA 0.2 A-8-5+= 7|AISks gare]E2l Logistic
Regression (LOGIT), Artificial Neural Network (ANN), Support
Vector Machine (SVM), Naive Bayes (NB), Decision Forest
(DF) & 5714 darelss 283k3aL, g dtlelss ApdolA
2] Hopol|A] 978+ 4J5-8 Holi= Bidirectional Encoder Repre-
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2. HATHOH G 22 JHee

B AFolA AjleE Y 9 v UolHE 2 s
o e A AR & 2 sigkS dloJe] 4=F(Data collection),
dloJe] Ax]e)(Pre-processing), 1= 29 7 (Model development),
5dl 22(Anaysis) 4TAIZ X1, ) =24 Fig. 13}
2t

dlole] S eAl(Fig. 1(a)ollMs 434} ki) SR
B(CShell 371 ALY AsiAeElE §) IEF(Web crawling)S
B3l kAL, dlefe] MAeSAIFig. 1(b)olrte 538t vl
B2 4% 9 vgduolel= 8le] 71418y 2 BERT Yarg]
Foll 283 5= Y= AHRE =_PEdit) S 2el Apad
(Fig. 1()elxle= 2AENE GI5E = I 2Fe] meds Ads)
7] 915l A AR e ek AMESH 7Bl B, T AR
HAEdjo]elwke: AM8-5 BERT R, wix|eko 2 A3 & ug3
HloJElE 15 a3k 7AISky RS Jdsidct oful, 71As:
o] 79 tjekst WHH(LOGIT, ANN, SVM, NB, DF)S #8315
ok 2g 2AAFig. 1(d)dxte st Bdse] s 3rtst
of VA AR SSE S1st #Ae) meks sl 243190k

2.1 G[o[g] =& ! Hx2|

B A7 AN 7P HIve] dout JEAL Hrt
=k F9 AL §8(Kim et al, 2017) 671] A3 (2
o, dofr, Al vk, 719, ek B ], RS o=
20193%E] 2021 3714] H 313zt w33k sl dlofe] 6,826
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Fig. 1. Research Process to Develop Prediciton Model

A4S st E-g319tt dlo]el= Pythone] BeautifulSoup
H|7]A|(Beautiful Soup, 2020)E- A}&31 ¢ F=FH(Web crawling)
< &3 gEReH, =5d dlolH= 6719 Aeidl et
d67leh= TRt Bl 7dEo] UM TR ZAISksel A2
tlo]He] ¥g7F Tkt S 543 de] A HEE
AMEE 7S, oS mEle] AdEe] wig- sold 5= It Woo et
al., 2019). wlzpr, 2 Oﬂ:,Loﬂ)qh glo]E] TEo] % FAAY
Aol sjot Brbse WE ARSI, W) Fa4S W

4= )& Permutation feature importance (Fisher et al., 2019)

7S A83le] Bego] B MIES Agelsih 2 ol
Feo 2 g JEESE 1479 @@rﬂolag} 7)) 9
glolEl = Aot wek ZeMs WolR(Fall, 20357)
(29.8 %)), FoR(Wipeout, 16307H(23.8 %)), EAol| gka(Hit,
130170(19.1 %)), 7]2)(Narrowness, 89178(13.1 %)), &vt 2
H|2(Cut, 48171(8.5 %)), H-518](Crash, 3877H(5.7 %))0-2 T4

6714 7405 §3(Type of accident) .2 F-Ada}9]om,
Table 13} 2t}

B ol AR FY 9 ROl 27t Ak
wels) BERT &le] 2887 913 122 2jgio] S=Iick
AR ARlE] A9, 2] S5 S8 sk Evh
9J+= A3HNormalization) 2} 4383}tk Shanker et al.,
1996). t=5h, U APdlolH ] B¢, 7AISRs o] olsiet
T Sk dlolH@ o= wids= 98t $157d(One-hot encoding)
< 3Tk vhd, v E d2E go]e]el Ak $)(Details
of the accident)?] 7-¢-dl E-EAl} 28 Fao] 2403k 991
< AAsR= dlo]E] AA|(Data cleaning) 2H¢ja} Zn|Ake} o)
FolulspAt B4 2 olnlE 24 S WolE Ak Bgo]

=]2](Stop-words removal) 2FS S=3Y5FSITh
2.2 71MEES 71 Z4AREEH ol 2El

PP 7)o 2588 34, AL ele b
She FAel webs ofwdh Z|AISE Uar
uksja=x] AJxlo] Tiokely] SE SHA) E](Ha and Ahn, 2019)
wed, 2 Qo thEls Biel] S5 skl Tt
2 9F12|Z(LOGIT, ANN, SVM, NB, DF)< a%—s}ﬂ EES
S Fpdelal A s W7 sl AR G5
H79) 2ag £EEA

1 %, LOGITL to]E]7} ofH ¥

o FHee wE WFE ERsTe 9x
2014). ANN& 2] AATIN 7+ Ao EAsH she
Shrelzo = ezt 52 Aloje] B35k sigrol frefelti(Hoskins
and Himmelblau, 1992). SVM-& Ho]JE] F3kS vlgro & o) =3}

ol 4\—3 ES &3l
2] o] t}(Sperandei,

T4 Bz O} o] e LHoA ERelEE vHEd
o]AFe >~ BF{Two-class classification) ¥arg]Eo]tH Cortes

and Vapnik, 1995). NB& 1Fehst tizRl#} 7P o= B35,
B35 AA 8N 2 e Bole garelgelti(Zhang,
2004). vEAIEEO. 2 DF= 2, 319 5 ek o3t sy
ZAollM =2 s Hole JrAPEA E|(Decision tree)s
HHEsle] Felelal G543 sl oA Bl Aes
oL 133k darglEoe]tiRokach, 2016).

SRR 2 Aol AMgEE ZIAIERE dalElE F SVM
9k He ‘QEE]Z & 5 7 Torzﬂ(class)ui 25e
do]7el], 6712 fr
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Table 1. Variables and Feature Considered in This Study

7IASE 71Nk AdAE] o5 = A

Variable Type Feature
. Categorical Fall (2035*), Wipeout (1630), Hit (1301),
Output T f dent .
Py Ype ot aceldel (6 categories) Narrowness (891), Cut (481), Crash (387)
Temperature Numerical -18~37°C
Humidity Numerical 0~100 %
Categorical . .
Season & egorlc?a Spring, Summer, Autumn, Winter
(4 categories)
. Categorical
Time . 0~12 hour, 12~24 hour
(2 categories)
ical .
Weather Categorl(fa Sunny, Cloudy, Rainfall, etc.
(6 categories)
Type of construction Categorical .. Lo .
1 Arch .
(Main category) (7 categories) Civil engineering, Architecture, etc

Type of construction
(Sub-category)

Categorical
(39 categories)

Temporary work, Excavation, etc.

Input Type of facility Categorical
il encineerine. Archi .
(Structured data) (Main category) (4 categories) Civil engineering, Architecture, etc
Type of facility Categorical o .
. Building, Bridge, Road, etc.
(Sub-category) (20 categories) uticing, Bricge, Road, ete
Categorical
Workplace ( 6121(::5::(;:;&5) House, Factory, Road, etc.
. Categorical . .
Work object ategonica Temporary facilities, Materials, etc.

(9 categories)

Work location
(Main category)

Categorical
(5 categories)

Inside, Outside, Roof, etc.

Work location
(Sub-category)

Categorical
(8 categories)

Floor, Top, bottom, etc.

Work process

Categorical
(58 categories)

Installation, Dismantling, Assembly, etc.

Input

Details of th ident
(Unstructured data) ctatls ot the acciden

Text

Text-type unstructured data

* Number of data by type of accident

HHS0JEE OVA (One-vs-All) Hit WHAS Agale] txZe)s

RE 99 ARsRe s

3, SIS T % wele] A

S H3Kbias)I} 4k

(variance) AJo]e] FHE D ) ALER= Slo]zlep]ElHyper
~parameter) & Aal] A2 4ale] HHsels Ao] £o3 8 ae
283r)Raschka, 2018). e, & Froas SAIK: 7]
o2 wele) F5e A1) 98 k- 1A AE(k-fold cross-
validaton) W24 310} H2e) Sholsfsleelel yssick

npR[eRe 2, S7EA] 7Sk L

So A8ste] Zie 1A

A3 €5 2l AFE vo[HE /‘]JlO]—Oq Overall accuracy2}
Macro Fl-scoreE T2 A2d Hr1E 2806191, Hale] o=
‘P Hole B B3I old, Wrlstarat she mdlo]
2 7 YL W, Eq. (1) A =(Macro-precision), Eq.
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Precision j,=

Recall ,,=

Precision ;< Recall ,,

Fl—score ;=2 X —
M Precision,,+ Recall

(2)= A&&(Macro-recall) 1)1 Eq. (32 Macro Fl-scoreZ
HojEm(Sokolova and Lapalme, 2009), Overall accuracy=
A dlelee] gk dSES ofnlgith
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2.3 BERT 7[dt Z44xlisH oS 2

£ el g E BAE HolHE 283 A8 ¢S
HES 7pdslr] Sl 9t BAE EF Aes Kol BERTS
X}8-5}49ch BERTS attention 7 -8 E-831= 7|4 ¥ =gl
Transformer (Vaswani et al., 2017) 7]9ke] JojRdl2 APASK:
(Pre-training)¥} 7}V Fd(Fine-Tuning) 345 538l ApolAe]
o 953 s Holx= rullojun|(Devlin et al,, 2019), 71 FxP=
Fig. 29} 2t} ARSlsS 7delarat she de] s =0)7]
S8l Blolgo] gl ke g 2E HloJHE ARl Shgahe
Igoln, S5t o] IS nkF)(Masking)dte] Kdo]
k73t BRS o=l =S k= Masked Language Model
(MLM) 217 2498 FAE 84531 Next Sentence Predicion
(NSP) "h2o] 285t} #R1Fd2 Abdel| S5 BERT 24
= OE oS BdE Z83P] $J5] AR HlolHE SkFslaL
stoluulepiElE 27gshs IPgot) webr, ARelkaE o
Ho15dS 5af 7t BERT 7]uke] o= mdle 2o okel
H2E toHRke 2% 98 og Hol AT B2 d7lA]
28531 QltkLee et al., 2020).

£ Aol SK T-Brainol|A] 7t o] sh=o] Hl2ER
ApdstEl @] BERT 2l AHsislon), 2] o
24 7Pk 9l ALgS] HlolHE SR A7l HA 9
Solmsteflele Mgshe slolR B4S s 53,
sk e Tidslr] 913 sklFY S A 7S $18l
Epoch /& Z43}A4Y, Batch size, Learning rate, Maximum
sequence length gk sk slolistelule] 5 o] ol
oA thEAQ] E o 2 ARgEIT)(Lee et al, 2020). £
M= APHsksE o] BERT RdS %3k 7o) #A4dA)s)
o= walg Apa] 98 slolslstapile] B TFES =Rek
o} solmistetriele] v 242 B8] oF 30 Cases] £3HS
As5ta 758 dlo]EeE ARg-3le] Overall accuracy$} Macro

@’ Mask LM Mask LM \
- *

BERT

5 EIEE- 6

Masked Sentence A Masked Sentence B

\ Unlabeled Sentence A and B Pair

Pre-training

Fl-socres =2 A9 H71E JPs1dar, A48 A5
93+ #zle] BERT Zdlg 7fakslgich

3. A4THoH oIS 2 Fot

£ dATdMe AdAEE AR 5 = e HAY
Eks Agretr] flsf vlolE@A(E B v D)ol whebA
A WA, FYdolElvt &8t 7IAIEE Vi) dF B, F
HAY, vl Yellole|wt €85 BERT 7|5k oS g, A HA),
Y g HRPHelHE T &85 7SR 7R o5 el
% A 89 oS BdS Jpdeal HE H7EE R8st
t}. B7}= Overall Accuracy$} Macro Fl-scoreS H5F 113

o) Qayshock

oft
32l

-

3.1 o 2| ds =AM

Table 2] LR 713} o], H&FvoJelwks: arefst 71AISs
(LOGIT, ANN, SVM, NB, DF) 7]4le] A4z = 2o
Overall accuracy”} 69.19~79.98 %, Macro Fl-score7} 0.6247~
0.74012] 2= HlwA] Bk dSdes Btk O %, DF ¢ale
o A8t VAR 719ke] 1A oS mdo] 71 w2
Overall accuracy (79.98 %)<} Macro Fl-score (0.7401)E Ho]
£ Ao 2=tk

Table 3¢l YFeRd 21} 22o], v v|o]ewks alefgt BERT
Flte) A ol male S7e) soluisfeulE] Aol
w2}, Overall accuracy”’} 88.45~89.35 %, Macro Fl1-score”}
0.8183~0.83129] E2 & HYPvo[HvrE 1eiPs Wt =2
d&2X5E Itk I F, 53 3 Optimizer= AdamW=
AR8-51aL Batch sizei= 32, Learning rates= 0.00005, Maximum
sequence lengthi= 64, Epochi= 8% 4143 BERT 7]9ke] 714344
3 o= mdo] 714 %2 Overall accuracy (89.35 %)} Macro

Start/End Spax

BERT

=)

\\\ Question - Paragraph /
Question Answer Pair

Fine-Tuning

Fig. 2. Overall Pre-Training and Fine-Tuning Procedures for BERT
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Table 2. Predictive Performance of Machine Learning Algorithms Using Only Structrured Data

Algorithm Overall accuracy (%) Macro F1-score
LOGIT 77.43 0.7022
ANN 69.19 0.6247
SVM 75.21 0.6878
NB 79.64 0.7062
DF* 79.98* 0.7401*

*The best algorithm with the highest predictive performance.

Table 3. Predictive Performance by Hyperparameter of BERT Using Only Unstructured Data

Optimizer Batchsize | Learningrate |Max seq length Epoch Overall accuracy (%)|  Macro F1-score
Case 1* AdamW 32 SE-05 64 8 89.35% 0.8312*
Case 2 AdamW 32 SE-05 128 8 89.13 0.8289
Case 3 AdamW 16 SE-05 64 8 89.01 0.8235
Case 4 AdamW 32 3E-05 64 10 88.79 0.8188
Case 5 AdamW 16 3E-05 64 10 88.45 0.8183

*The best hyperparameter of BERT with the highest predictive performance.

Table 4. Predictive Performance of Machine Learning Algorithms Using Both Types of Data

Algorithm Overall accuracy (%) Macro F1-score
LOGIT (+BERT) 93.93 0.8709
ANN (+BERT) 91.63 0.8436
SVM (+BERT) 92.34 0.8477
NB (+BERT) 94.32 0.8762
DF (+BERT)* 95.41* 0.8912%*

*The best algorithm with the highest predictive performance.

Fl-score (0.8312)%F Hol= 7;1 2 FHE TNERE 3714 194 dlS 2l 7k, AR B e PuelHE
npAERe 2, B Apeln] HFH s Atk A 5 niARl Al 5’—?1481 DF (+BERT) 7[§ke] of& mdlo] 71 2 &4

eI Al TRl Ak Flekel A oS mde Aoz Witk 5o, ATlEe BEF ol
okx] 7idkel BERT Edlo]] BAE JelrE AFg3le] AdA)s) 2dle] Overall accuracy (79.98 %)2} Macro Fl-score (0.7401)
=2 &l 147)2] A3 Qe 2l & 157)9] e He} oF 20 %2 of|&4d50] &% Overall accuracy (95.41

= ARgshe] ek %)<} Macro Fl-score (0.8912)2 Ko, v Uo|EIS 34| 11v]
Table 4o VeRd 23} o], A 3l vjgFvlolHE BF o gx] FIARQ] s S Kol Ao Uk
2123 7IAISH(LOGIT, ANN, SVM, NB, DF) 7[5k} 31d7s] ufEb, £ dAolrs AE 4 Bl dlolelE FAlel aLeet

dj& 2dle Overall accuracyZ} 91.63~95.41 %, Macro Fl-score DF (+BERT) 78} ¢]& »dls AdAE) g2 93
7} 0.8436~0.89122] X2 95381 o|&2A5S Bk 1 =, el Aokttt nRjehe 72 B Ao Alsk 01] 2de]

DF (+BERT) ¢ael5s Sk 7Ieke] AdAE oS 2oz AeE 2R Ao dEgses BrlE|
o] 7P Fe Overall accuracy (9541 96)2F Macro Fl-score 98 &5 8 (Confusion Matrix)S =23}510H, Fig. 33} 2t}
(0.8912)2 Hol= Aoz BEAFT) AshGEe] BEE= @olF(29.8 %), WoIR(23.8 %), ZAo]

2ES(19.1 %), 719(13.1 %), Aot 2 WY(8.5 %), FHIFS.T
3.2 ol ZYlo| Ms Hot %) <=olH, HloJEl7F 53 Helgle] il ¢S Hlara vk

Table 5l fERd 21} 7o), & toilA] dle]efa 2ol wepr] 81.3 %9 o57g8w=E Hol= Ao R WrhEIek vhd, v
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Table 5. Predictive Performance Evaluation of the Model Developed in This Study

Algorithm Overall accuracy (%) Macro F1-score Data type
DF 79.98 0.7401 Use only structured data
BERT 89.35 0.8312 Use only unstructured data
DF (+BERT)* 95.41* 0.8912* Use both structured and unstructured data

*The best algorithm with the highest predictive performance in this study.

Predicted Class

. . Narrow
Fall Wipeout Hit ness Cut Crash
Fall 97.8% 1.1% 0.6% 0.1% 0.4%
Wipeout = 1.1% 98.1% 0.4% 0.1% 0.3%
g Hit 0.9% 0.4% 95.5% 2.2% 0.2% 0.8%
o
©
2 Narrow
o 0.6% 0.7% 5.4% 91.4% 0.9% 1.0%
g ness
Cut 1.0% 0.5% 4.9% 92.7% 0.9%
Crash 1.5% 3.5% 10.8% 2.5% 0.4% 81.3%

Fig. 3. Confusion Matrix of Proposed Model

AehfrEel thed 90 % oPde] H& GIE58LEE HolH, tolH
7 B2 391 3709 AsiRR(EolE, Hold, EAldl sk
Aetrdle] Overall accuracy?l 95.41 %RT} & d=AHes
Hol= Zo 2 Hrertk

N

I}

LEE
WA YR DA ThRE A w2t o
= BTl AEHO R SIshs Sl B Ak ] iRt
of AR AfaLe] lgo] e ofdh Al weidk A
BEGE opfe} S7RIRIES Wal AL BeRke 12217
2ol AANA el Zo] wihe- Fadtrh mebd, £ el
PaAele] A9le wAEe Ve dEst del, e
FASE 5 Sle ARE LEste] AUA)E A A5
F ke 7B ko] mlks TRdelgict ofF Sis) 2019 E
2021 71x)9] HAEE Al 6,826710) ARAA RS sied
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