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[Abstract]

The problem of occupational accidents in Korea has been continuously raised, and efforts are continuing to reduce industrial
accidents, but they are not easily reduced. This work is meaningful in developing an occupational accident prediction model for the
entire industry, reflecting the environment in which boundaries between industries are being torn down, and in interpreting the results
of the model using eXplainable Artificial Intelligence(XAI). The LightGBM model showed the best performance, and according to
the model analysis, the more dangerous machinery and equipment in the workplace and safety and health expenses, the higher the
possibility of occupational accidents. On the other hand, it was interpreted that occupational accidents were unlikely when the

number of companies and safety and health personnel conducting safety and health programs (risk assessment system) was high.
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Table 1. Summary of some literature using ML Algorithms
with occupational accidents prediction

Reference Field Techniques
Ayhan &Tokdemir[9] Construction Artificial Neural Networks
cho et al.[4] Construction | Decision Tree

logistic regression, DT,
Choi et al.[11] Construction | random forest, and

AdaBoost

Leem et al.[5] Construction | Decision Tree

CART, SVMs, extreme
learning machines and
Bayesian networks

Matias et al.[9] Mixed

SVM, RF, and Maximum

Sarkar et al.[12] Steel Industry

Entropy
. CART, C5.0, RF tuned

Sarkar, Raj, et al.[13] |Metal with GA &PSO
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2) Extreme Gradient Boosting : XGBoost
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4) Categorical Boosting: CatBoost

CatBoost ¥ilg]He WFE W HdAAe AA4F
(Overtfitting) =A 3|2 284S & A4 F2H(Ordered
Boosting) 7|%o]TH21]. L& Zho] Q312 =18 o7 k56
£ 7189 By weliE 9] $A4Y g A doly
2 3 LAE Atete] BElE nhEL o] % dlY RS F
3 2 ol o] LS AkslE 7ol S A
g H-dlof H219] $~d(Random Permutation)S- -3 to]E]
TAE AlolsomA S WAIET CatBoost &alE]
25U 3 A K & S(Information gain)< 71 AFES SUE
e e 23S S 9 58 AT 13 A9
Zvl7l S~ Hyper parameter)ES 27| 918 Grid Searcht}
Randomized SearchE AFE-8l= ThE s daglsy) 4

SHAPS 283t Meixfs) o5 REE 2 24

Z7] 2w/ ghol A slE|o]glo]A] mlj 7] H4(Parameter)
24 APt 87 Fethe S4S 7Hh

N

-3

1z

YItsEk 2ISXIS(XAI) : SHAP

A 7158k AF A S(XADS Sl EA 5ol o) a9
= Aslo], ALeA7F AutE old = Y EE HE AL T
ST}, o= Aol nA= 2 22158 Fohjo] 714

A& 7hsshA e 22].
SHAP(SHapley Additive exPlanations)< 7]7] gl<5 X29] &
& s 918l Al o]E2] A1) #h(Shapley Values)S 71
o7 gk darg]Foth A& k2 shuke] Wl tigt Fa
7] $18l o8] W] 23S 3% e W]
B}l WskE S8l ol gholth23]. gksF dlo]
RAS nigo g AH 7lsdh RS Adstal Al
JolEjol]l thal o= At ek Fabes Wkt =1
g AEE] @b AR o) & EEl, 48 Wat sk
SRt o= A E] FIAEE 7HA A A etk
W FQ % (Feature Importance) 7|
(Permutaion) W& AME-3I14] W7} o] n]X|=
gt} o] e A S7) whEvhE ARl o] Jlx
Sol M o2l Wiz Aaph sk 5 gleh. e
-2 ALEEA] ettt wheba] AA) o E &
o] 7kX17} =7 A2 4= dvk whHol SHAP 7'
A2 JEe WA 7HeAS st 5(-) 0] Y
4 Sk, 2l 47} oo He] LA
7IHE et kS ST B 7 T2

4

1
.

I

1.

o 2
Ol

o it

e g

i RS e
Rl

oot o
b g
ftomok O v fo )y I @

o
o,
(g M

1S

~

lo
o A|m
T 4
- o2, dlo
fo o &

o 2 )

rE W
4

=

1.

[, Si7HiY
3-1 CIOIE] =&l A7 AEYZTRA}

Gl eb A B AT TR Ae) Qb E WAL AR
7k Aol ¥halE Al sho] =l AAE olupA 8}
f1al 1987+ 1290] A e 8 eg - Abe} FA5-] 3ol
ARSI AT ol A= AR ebd R gl Bk A
Bl ots 918 A= 1770 AT, ©F 5,00070 ARRIES Hd o
AR ABlEARE AAskaL glok i Aol M gk
Ak B el A AlEsh= 2018 AH b B4 A H
AL ARRE A ARSI 7 e AR el 919
L2 8ok ] Al ¥ go= A 127] e}
7 SEY AR TSR AE glor, & el &
44709] =& 5,219719] A AakE ARSIt 44709 &
& 3 AR LA o QU2 E oS MR AAE e
A AL o 3 29k

http://www.dcs.or.kr



a8 1. cole B4 pE
Fig. 1. Data Analysis Process
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Table 3. Hyper parameter search

24y 23}

Alg. Hyper parameters

max_depth=161,
min_samples_leaf=133,
min_samples_split=106,
n_estimators=66

Random Forest

gamma=16.9,
learning_rate=0.07,
max_depth=6,
n_estimators=998

XGBoost

bagging_fraction=0.226,
feature_fraction=0.784,
learning_rate=0.08,
max_depth=36,
n_estimators=100

LightGBM

iterations=100,

CatBoost learning_rate=0.01
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Table 2. Variables used for the study

Section Variables Description
SQ2 Industry
Business establishment basics SQ3 Number of full-time workers
SQ5 Business location
Q1.5 Business relationship
Q1.6 Annual sales of business sites
Q2_1D2 Proportion of male workers in 2017
Genergl status of business Q2_1D3 Proportion of female workers in 2017
establishment
Q2_1D4 Percentage of non—regular workers in 2017
Q3_1_1 Number of full-time workers hired
Q3_1_2 Number of non—-regular workers hired
Q4 Labor union presence
Q5 Team Organization
Workplace General Organization Q8 Percentage of work shift workers
Q9_1_1 Design or development of products or services
Q9_3_1 Sale or marketing of goods or services
Q10_1_1
Risk factors ~ Presence of risk
Q10_7_1
iﬁtﬁ;;&‘;gdustrial accidents at (Ct);:g_eZt) Whether an occupational accident occured
Q13 Organization of safety and health management

Q14_15.1_.15.8 | Number of safety and health managers

Health and Safety Management

Organisation Status at Workplaces Q159 Safety and health education place
Q16_n Availability of safety and health personnel
Q171 Whether an occupational safety and health committee
Investment in industrial safety and|Q18-1 Health and Safety Expenses
health Q20 Adjustment of safety and health investment amount
Q21 Conduct safety and health education
Q22 Policies, management systems or countermeasures
Q23 Employee health check—up status check

Health and Safety Activities and Levels | Q24_1
~ Risk Assessment

Q24_3

Q25 Intensity of safety and health management activities

Q26 Level of employee safety behavior in the workplace

Q27_n Intensity of employee participation in the division of work

Q29_1 Degree of awareness of policies related to occupational safety and health
Worker engagement and ] -
communication Q29.6.n Whether information is exchanged between the safety and health departments

- and staff.

Q29_7 Whether industrial safety information is exchanged between employees

Psychological and social risk Q30_s Whether procedures are in place to respond to psychological and social risks

management
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Table 5. Critical variables and predictive results within test data

Variables Prediction label True label
Q10_4_1=1,Q10_3_.1=1,Q24_1=1,Q14_15.1_15.8=21, Q16_.n=5
Q8 =70, SQ3 =199.5, 0 0
Q24_1=1,58Q2=1, Q2_1D3 = 0.04, Q18_1= 30000, Q8 = 70, SQ3 = 199.5,
Q1.6 =352600, Q10_6_1 =1, Q14_15.1_15.8 =63, 1 1
Test
Data Q10.4.1=1,505=3, Q1031 =1, Q30_s = 0, Q24_1 = 1, SQ3 - 199.5,
Q8 =70, Q10_6_1=1, Q14_151_158 = 43, 1 1
Q2_1D4=1,Q16_n=2, Q3_1_2 =30, Q2_1D3 =0, Q30_s = 0, Q26 = 3.25,
Q10_3_1=1,Q24_1=1,Q10_6_1=1, 0 1
Decision
higher : boundacy.
—UJVKHF 0.2887 0.1887 -0:3 0 ‘71"]4 0.1113
))))))---__
Q10_4_1=1'Q10_3_1=1 Q24_1=1 Q14_151_158=21 Q16_n=5 Q8 =70 SQ3 =199.5
Decision
boundary higher
o o = oorie
D222 ) ) > ) ) > T S R —
Q24_1=1 sQ2=1 Q2_1D3 = 0.04 Q18_1=3e+4 Q8 =70 SQ3 = 199.5 |Q1_6 = 3.526e+5 Q10_6_1=1 Q14_151_158 = 63
Decision
boundacy higher
-0 3‘88/' -0 2788/' -0 1,88 7 D]UM(‘)BS‘;\;L 0. 01,131 0. 1}‘-3 ;\;;113 o 3}13 0. :tj\:i
MNIBB DD ID D D! > |
Q10_4_1=1 SQ5=3'Q10_3_1=1 Q30_s=0 Q24_1=1 SQ3=199.5 Q8=70 Q10_6_1=1 Q14_151_158 =43
Decision
. boundary

higher

base value
0.3387 0.2887 0.2387 1887 0.1387 0.08869 0.038€: -ons op1131 0.06131 0.1113 0.1613

)))»))“----_

@z 1D4=1'Q16.n=2'03 1.2=30'Q2_ 1D3=0 Q30_s=0'Q26=325'Q10.3 1=1'Q24_1=1 Q10.6.1=1
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Fig. 4. Shap value impact plot in test data
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