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Text mining and machine learning approach to analyzing industrial incidents

In construction sites

Sungsik Kang

Department of Safety Engineering, Graduate School

Pukyong National University

Abstract

In the case of an occupational accident investigation, information on the
accident should be prepared in an occupational accident survey table and
reported to government agencies. Since 2001, more than 80,000 cases of
industrial accident surveys have been collected every vyear, and by
analyzing them, it is used to identify the current status of domestic
accidents and to prepare industrial accident statistics to prevent accidents
in the same type and similar industries. In particular, the disaster overview
included in the Industrial Accident Survey Table includes the overall
process of accidents, and since a large amount of data is accumulated, it
is necessary to analyze keywords and analyze them through machine
learning.

The purpose of this study is to derive keyword-type risk factors related
to actual disasters using text analysis and machine learning in the disaster
overview, identify the relationship between risk factors, and derive the
risks of risk factors. To this end, first, unsupervised learning of high-risk
fatal accidents is performed to search for risk factors affecting fatal

accidents, and similar risk factors are grouped. Next, through supervised

- vii -



learning of disaster documents, the risk of risk factors is identified by
searching for keywords of risk factors that classify non-fatal injury and
fatal injury.

This study was conducted under two main themes :

The first theme is a clustering study through unsupervised learning of the
construction industry disaster overview. We collected 2,448 cases of fatal
accidents in the construction industry, the industry where fatal accidents
occur the most, and structured it into structured data in the form of a
document—term matrix through text data preprocessing to enable machine
learning. Using self-organizing map(SOM), an unsupervised learning
methodology, structured data were clustered among disaster documents
with similar characteristics and visualized as a risk factor map. Keyword
analysis was performed based on the disaster documents clustered in each
cell of the risk factor map, and clustering was additionally performed on
adjacent cells to divide into 5 clusters with similar disaster characteristics.
Five clusters were clustered into 1. material-oriented disaster, 2. high
place moving-oriented disaster, 3. excavator and collapse—oriented
disaster, 4. scaffold-oriented disaster, and 5. crane-oriented disaster. Risk
factors with high relevance were derived by deriving keywords for risk
factors included in each cluster and analyzing the keywords. In addition,
dynamic analysis of risk factors was performed through keyword analysis
by year according to cluster.

The second theme is a classification study of disaster documents through
supervised learning of construction industry disaster overview. Among the
collected documents, 2,853 fatal disasters and 24,133 non-fatal disaster
documents in construction industry were analyzed. To perform supervised
learning, text data was preprocessed using TF-IDF, and dimensionality
reduction was performed through PCA. Through this, a PC-document
matrix was created and then divided into a training set and a test set
through k-fold wvalidation, and a model that could classify disaster
documents was created using four classification methodologies. The
classification model used logistic regression, decision tree, neural network,
and support vector machine. Confusion matrix was prepared for each

classification model, and the accuracy of each model was evaluated
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through precision, recall, and accuracy, which are accuracy indicators.
Finally, keywords representing risk were derived by analyzing keywords
according to the classification model, and risk factors affecting
classification were derived by analyzing misclassified disaster documents in
a neural network model with the highest accuracy. Misclassification can be
divided into two types: Type [ error and Type 1l error. Type 1 error
means a high-risk injury accident, and the document that appears as an
actual injury accident is incorrectly predicted as a fatal accident. One error
resulted in a document containing risk factors highly related to fatal
accidents. Type 2 error means accidental fatal disaster, and it is an error
of misclassifying documents that appear to be actual fatal accidents as
non—fatal accidents, and documents containing risk factors highly related to
non—fatal accidents were derived.

The academic contribution was first presented on the usefulness of a
text—-based disaster summary. Through unsupervised learning of disaster
overview, it is possible to more effectively analyze the correlation between
risk factors that appear in the process of disaster occurrence, and to
understand the risks of risk factors derived from the classification process
of disaster documents. Second, a new method that can be used for safety
management using machine learning methodology was suggested compared
with the previous studies focused on frequency analysis that were
analyzed using industrial accident statistics.

The practical contribution of this study is first, through the risk factor
map created through unsupervised learning, risk factors are extracted and
analyzed from text documents that are difficult for humans to interpret
individually and visualized as an easy-to-understand map. Second, by
identifying risk factors affecting the -classification of documents derived
through supervised learning, disasters occurring in the field can be
analyzed and prevented in detail. It is expected to help safety managers
and supervisors effectively manage safety by presenting detailed types and
keywords for major factors of disasters and deriving factors related to risk

factors that appear in actual sites.
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Pre-processing

Collecting data > dat Analyzing data > Interpreting data
A A . a a v \ A L v
( \ / \ / \ [ Machine Learning ]
- Text analysis 'd ~N ™~ Vg ~N
. Document- Theme #1 _, o
Occupational A Unsupervised :  B¥E organizing map - Datav 1suallz?|t1on
accident report : Clustering & ) - Trend analysis
Method construction - Dimension reduction A (Chapter 3) o INE / N /
section 2 f;:l‘;fl?:m (Theme 47 N Regression ) d )
L Supervised : - Decision tree 3 i 2 i
analysig - Niurallos i Misclassification analysis
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Fig. 1 Flowchart for this study
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Fig. 2 Accident rate trend from 2001 to 2020
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Fig. 3 Trend of the death rate from 2001 to 2020
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Fig. 4 Number of collected industrial accident survey
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Table 1 Legal contents related to industrial accident survey table
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Table 2 Previous research on disaster documents using text mining
Author Keywords Analysis target Methodology Objective
(Year) (cases)
Text data of
Construction accident, accident cases TF-IDF,
K. Park and H. L . Co-ocurrence
: Hazard, text mining, in the .
Kim f Ivsi . network, construction safety
2021) equency analysis, construction Louvain
centrality analysis industry aloorithm
(2,026 cases) g
BS. Kim, S. Accident analysis, text Accident report LDA,
Chang, and Y. | analytics, LDA, in chemical causo-and Accident type
Suh cause-and-effect diagram, plant offect diacram analysis
(2018) chemical plant (127 cases) &
Abnormal Accidents, disaster report
(2019) Detection, Local Outlier by OSHA chemical industry
Factor, Decision Tree (419 cases)
Unstructured data, Keyword
Construction Safety News related to classification and
S. Lee Accident, Topic Modeling, | construction LDA trend identification
(2018) Latent Dirichlet Allocation | safety accidents of accidents
(LDA), News Atticle, (540 cases) occurring in
Time-Series construction
Rail safety, safety : .
D. E. Brown engineering, latent dirichlet ;‘aﬂ Iicclf?}ts A LDA, random Rail safety
(2016) allocation, partial least (?3429 ) forests
squares, random forests.
N. XU, L. MA, . metro TF-IDF,
Q. Liu L. Sﬁltlsntr;g;oﬁsffety’ construction information
WANG, and Y. | . dentificati Kol accident reports | entropy Construction safety
Deng 1dentification, W(‘)r‘p ace in China weighted term
(2021) accident, Text mining (221 cases) frequency
S. Shi, D. inriver
Zhang, Y. Su, | Inland ship collision, R . , .
M. Zhang, M. | language, Text mining, ilccgﬁrll;s cause textmining izll( St;z;ctor
Sun, and H. Risk factors analysis (419cases) Y
Yao (2019)
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Table 3 Previous research using unsupervised learning
Author Analysis target L
(Year) Keywords (cases) Methodology Objective
Construction safety,
K. Son and H falling objects; data Disaster Association
R * | science, machine information caused | rules, Disaster association
yu learning, association by falling objects | Hierarchical rule analysis
(2019) 2 y g 0b) !
rules, hierarchical (1618 cases) clustering
clustering
M. Shin, and Y. [ MO Ms}g(sjﬁ‘ap’ MSDS guide text Visualization of
Suh visualizat%n by OSHA SOM hazardous substance
(2019) . 2 (539cases) information
chemicals
M. Shujiro, O Quality accident
Koii. S Ju’nko. Knowledge discovery, | data in
anch 7I i—liro aki’ risk management, text | headquarters SOM Risk management
(2011') data mining factory
(54 cases)
F. Palamara, F Occupational accidents, ngdnllsocl?;e;qg;cré;%t
Piglione, and N. Wood inciigly, Neural JiTNAIRSSSERE SOM, k-means | of events leading to
RPN networks, database . .
Piccinini .9 clustering accidents for
Self-Organizing Map, | (1207 cases) £ .
(2011) Clustéring algMikms dey1smg preventive
actions.
To Evaluate the
strength of
. : unsupervised
A. Chokor, H. Accident, ansn _ctlon, Construction TF-1DF, machine learning and
Naganathan, W. | Data Analysis, Injury, :
accident report by | k-means Natural Language
K.Chong, and Natural Language . .
. OSHA documents Processing(NLP) in
M. E. Asmar Processing, OSHA, . .
(513 cases) clustering supporting safety
(2016) Safety. . -
inspections and
reorganizing
accidents database
Cause and to develop a text
effect diagram, | clustering-based
Cause and effect, root TF-IDF, cause and effect
A. Verma and o Steel plant . . )
- causes, text mining, e hierarchical analysis methodology
J. Maiti . . incidents records . 2
(2018) clustering analysis, (8877 cases) clustering, for incident data to
incident data expectation-ma | unfold the root
ximization causes behind the
algorithm incidents
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Fig. 10 Conceptual scheme of self-organizing map
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FAHYE dte] RREDS A

Asta At ERFE9S support
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Table 4 Previous research using supervised learning

Author Analysis target .
(Year) Keywords (cases) Methodology Objective
Y. Kim, W. S. | Construction Safety Construction - .
Yoo, and Y. Accident, Artificial Industry Accident | Neural géggz;nt;galt)omble
Shin Neural Network, Statistics (16,248 network construction sites
(2017) Prediction cases)
SVM, linear
. o regression,
Y. M. Goh and Accident .class1ﬁcat10n, Construction random forest,
Construction safety, . .
C.U. o accident narratives | k-nearest .
Ub Data mining, Support . Construction safety
eynarayana vector machine. Text by OSHA neighbor,
(2017) . ’ (1,000 cases) decision tree,
mining -
Naive Bayes,
SVM
Occupational health
and safety in Latent class
B. U. Ayhan construction, Artificial | Construction clustering Latent.class .
and O. B. 3 . . clustering analysis,
. neural networks accident statistics analysis, .
Tokdemir . Artificial neural
(2020) (ANN), Latent class (4,109 cases) Artificial A eork
clustering neural network
analysis(LCCA)
Construction project
) DT, k-NN,
M. Cheng, D. sgfty, Naturcg ! Copstrucnon . Naive baysian, | Classification results
language processing, accident narrative . .
Kusoemo, and ; . Logistic can be used to aid
Gated recurrent unit, historical data, X
R. A. Gosno Symbictic organiSis OSHA regression, safety assessments of
(2020) saiféhy Accidents (16,323 cases) SVM, LSTM, | construction projects.
e GRU, SGRU
cause classification
LDA,
Convolution
E' Zhong, X. Deep learning, Neural To provide the
an, P. E. D. . Metro hazard o
Construction Hazards, 3 Network, ability to analyse
Love, J. Toni report in Wuhan
opic model, Text Word hazard records
Sun,and C. Tao o (3,000 cases) .
(2020) mining, Safety Co-occurrence | cutomatically
Network,
Word Cloud
Analyzing the
TF-IDF, historical accident
P. k-NN, Logical | reports identifies
Sankarasubrama | KNN, NLP, SQP, Accident report regression, what went
nian SVM P naive bayes, wrong in the past
(2020) decision tree, and this valuable
SVM, SQP knowledge prevents

future accidents
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Fig. 11 Conceptual scheme of Logistic regression
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o o W
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15 AAsE Aoy, Hx dloly F¢ H &y #Ho] drt. dolH <

T3t FlolAlwgte HuUlgste wgoe= &Sk,  chi-square

N

i

automatic interaction detection(CHAID) €ig]&< €835l EHrds
2Hg g,

Number of fatal injury during
painting work > 1

Yes No

' Number of fatal injury
caused by fall > 1

Fatal accident Non-fatal accident

Fatal accident

Yes | No

Fig. 12 example for decision tree analysis
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Fig. 14 Support vector of linear classifier
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3.1 A8 9484 24<& AT SOM &4 ¥4

AN EAN A AP LS EEste] ARAL BAE7] Sste] mAEet

% % UEAOR AEHE SOME BEste] ATE SRS AT A

>

A
AEAZ AT Qe A9E Fejel giEdHE FESFAON, BA

of astA F2 HelHE AAsts A A& FHsAT

Collecting accident documents

Data pre-processing

+——— Textmining

¥

Extrac ting ke}u-‘on‘ds

«—— Self-Organizing Map

Presenting risk factor map

r

Interpreting risk factor map

Drynamic
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Fig. 15 Flowchart for the methodology of unsupervised learning
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Fig. 18 Result of document-term matrix
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Fig. 19 SOM-based risk factor map
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= AEAE Edetr A= A2 disEgio] EAHE 1120291 A= 8171
2

o A7 mEEgled TATA=

a), 4A(308) o= vedTh A 949 AGERE A%, we, AT
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Table 6 Analysis of large sells

Vote Cases AR cause Main Main
accident of Keywords (count) £ accident work accident
number | accident el it type form

excavator(125),
excavation(46), soil(26), LY bury
12421 89 drive(lGy, buryly, soil, sea, excavgno collapse,
collapse(14), sea(13), tire, barge n, drive rollover
rollover(13), tire(12), ’
barge(12)
electric(9), electricity(8), .
fire(8), external(7), stair(7), ele:gqiilty, e;lt:;nil, electric
11048 86 basement(7), tank(6), pasement. | remocet. | fire
change(5), removal(4), tank, ’ aint ’
paint(4) P
roof(185), fall(70), floor(49),
install30), steel@1), | %0 OB
11202 81 upper(17), balance(17), concreice repair’ fall
concrete(16), repair(15), | ’
panel(14) pane
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o} Zol, SOMelM = S 2HE WestA F2str] d=m, 427 4
A FYUEHE FREdeR @, & dAgelMe A e ATt FEEd
0586< 7]% 0% Fig. 203 o] 5719 wHow Hasgon, 7+ 77
2 Table 73 7Fo] 1170, 2070, 2770, 1470, 7782 Ao] FR Ao, z+7}
41671, 3557W, 77871, 28070, 34470 2] A& A 7F E 9= Ak

7 s AeEd, 2 18 1109 A 41671 Al E
aoglen, A Jfgel wls we A wRE AT T 2% 2079
Az 3657 A2 FRHNeH, A Any Ao vt ¥ #
o] ¢ T fldaclel xFH M= s & 7 Ao ¥ 32
7 Be A AsEME Edstal slen, AL 2770, A= 77870
2 oA B3, 7F A e AR M A 2E FEAHE
EEHdaY. A 4= 14709 Ax 280709 SR FAE e, A 3
o A7t "ol A= Bhe S AEHE YEhgy. 73 59 4, 7HE

%

iy
f
o
ol
2

f
A

=

—_

v

A2 A $ME Edeta o, 74 A o] FgAETE v deR
CRE I
Table 7 Number of cells and accident cases each cluster
Cluster number Number of cells (rate) Number of accident cases (rate)
1 11 (13.92%) 416 (19.14%)
2 20 (25.32%) 355 (16.33%)
3 27 (34.18%) 778 (35.80%)
4 14 (17.72%) 280 (12.89%)
5 7 (8.86%) 344 (15.83%)
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Fig. 20 Major clusters of accident documents
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Table 8 Analysis of major clusters

Cases of Main . Main
Cluster accident Keyword cause of Main accident
number (rate) (count) accident work type form

floor(415), fall(386),
roof(251), concrete(117), .
I (194 }2%) steel(93), balance(82), | SIS 111;5361 fall
‘ install(63), rooftop(59), i
upper(54), move(40)
fall(352), ladder(116),
rope(41), upper(35), ladder,
2 ( 63 ;;y) apartment(33), balance(32), rope, ex;eli‘ﬁal, fall
i, rooftop(32), external(30), concrete pIpIng
piping(29), concrete(28)
excavator(163), vehicle(145),
head(87), excavation(83), excavator, |
3 3 5723%) concrete(74), drive(74), vehicle, excﬁl\?:n colé?lp;;e
' soil(70), collapse(65), soil ‘ ’
bury(65), reverse(60)
fall(266), install(227),
scaffold(205), foothold(193), install,
4 (12228% floor(142), outside(53), ;gf)ffl‘:jﬁl disioint, | fall
O77 move(65), balance(60), move
upper(53), disjoint(53)
crane(250), install(184), crane
fall(147), mold(129), ’ .
5 3 Gorkbench(126), floor(92), | mold, | install, g
(15.83%) workbenc | disjoint
upper(89), move(71), h

connect(67), disjoint(65)
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Fig. 21 Trends in the number of disasters in the cluster by year
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Fig. 22 Dynamic analysis for keywords change in each cluster
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7ER @ elS =&dty] fste] VA s dads T ARTSE] £ F

D ZE A g7 Sl MAFUeIH As) WA HLF BrEvie]y
& Bgde AP HR WA AAY HEL sAI. A= B
N ool APuelEE FAe o] Fode] weh EEHE A=
7 FARA FAstel 2A9) e gol Ak o2 HARI] A FYR

{0

3 SA4= A5k (feature

[e]

4 (principal component analysis: PCA)<
selection) =% 7928 T8 EAHoE A4S

3% el %G dndEe BEH] 54

23St g ow A%
| whel AR A A 9F

Ay

e,

oA A= AbgAsiel Bl ERE flske] dl R tHE A<

8 39 EA (logistic regression), JAFAA 1}
E] 7] Al ¥4 (support vector machine), 217
4 A (neural network)s AR&sto]l At E EFgTh A A 9F F
dAY PluE Qe 24 dagFe EAEF AFdEE ==l 59

ersd BAE B AAse 2AAsel Aol vl A4 A
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41 AR 719E =52 AT AdEA EFEH UHE

A Al el FogAlEe] S wE fEA 7INEE =ESH] A5
AxdtE T el AFEEE Ul e HEES &83te Fig. 233 2o
THATE TSI WA, AAG A S A A AR eF AR A o] Al
Ty MeE e, TF-IDFE &&ste] #4 W 7]9=9 S
Lo WE TtEAE EESA TteAE VIV e R & EA4-7]9= wEE
25 FxggI9r oz A4d 425 93 PCAE &83lo] A9

=49 AAste] B4 PC MEA2E AAsdT 49sn HEgs o

o
o

o]E]E k-fold cross validation | training set¥} test seto & E&3}

e

)

,dl hY ERHHES 86l AAEAE ERE 7 Us BT
2ds A BEREEe dubygow  Wo] AMEEHE=  logistic
regression, decision tree, neural network, support vector machines &
sttt theo® 7} md9] confusion matrixs FAl sl FsE x| E <l

AEAEs Ade, Ag=S T3 4 L9 Hg

-

o
il

B 7bah ek, v oo

2 RRREA BRA GBS v ANEAT BANS sl o

Collecting accident documents

Iy nccident(0) & Death accident(l)
l
I Extracting risk factor keyword ]- Text mining
|
[ Selecting feature ]'— Prncipal component analysis
’ Partitioning data I‘— K-fold cross valhidation

l

- St . Logistic Taras il SUDPPOTL vector
| Classifving accident document |--—- S Decision tree  Neural network =
regression regression

|

Comparing analysis error rate &
Deriving optumal methodology

Fig. 23 Flowchart for the methodology of supervised learning
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AeHEAE 3l SFEDS A7) fsto], R oR AREHI 3
+ 1) logistic regression¥} 2) decision tree analysis, 3) neural network

analysis, 4) support vector machine®. = A =3%t5S F3P3tt 2 B 57

1) Logistic regression

I

Logistic regression< 3 #4]& #Adsts WHESRZ g do]
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il
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=
=
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2 ZAA3 EFEA9 ol E confusion matrixs ZHAdte] Rdo] Ak

2) Decision tree analysis
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trees(CART) W 25 AF83}9] training seto 2 tree &S 24 3131t}

CART WHE9 45 A5 s A7 HAT = 7] wol, ol & 34
st 4= )&= 7FA1A 7] (pruning) A S TSI 7HA A 7] HA L wx A
TS &8 xerror7t 7H w2 &3} g Addste] AT 2

decision tree FFEPol A test setS HL3FPTE mpA o=
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3) Neural network analysis
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o &49S 75 AAslen, F e YR A HA 24952 20
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4) Support vector machine
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4.2 AHEA S £7F 23

SR8 ANEAE dAE BAL Fd BA-A9E NEdan 125
shel 27285709 FASE 100719] Q=R ol Folxl WAL Asrg o,

= =T 2 A9 7195 100709 T e A e A7 091 EA4
= AAsAH. AFHom F 25837709 Ak 10074e] 71 =0l T shod
=4& T3t TE-IDF Z3:= Fig. 249F o] #AWzs} 7|9 ==

Folxl MEHAS Fxasiglon, Al == A=
FeAE vEplol AAsdth EHeR S, A, vy, A o=
7hEA 9 ol & VIER EEHNeH, 71EY Nk fFE 44

DTM¥}+= Y24 Asfieh AH4ew dadd 7|9=5 A5 =5 Avh

Term
g | ®Y | oM | E2N | &0
Documents
1 0 0.3538 0 0 0
2 0.0463 0 0.0487 0 0
3 0.2352 0 0 0.6686 0
4 0 0.1061 0.2612 0 0
25837 0 0 0 0.1955 0.1671

Fig. 24 Document-term matrix using TF-IDF
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Fig. 25 Variance for each PC
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PCAE %3 =Fd #4-PC WlEx 2% 03 Fig. 269 2ok 7H% &
= 7FsAE 7HA AL = PCHE vUdetslon, 2t ZAd a3 s = 54
S PCY zFoz et AL EAMITE Jehuy, BEL Al
= 1, A E 002 wrlste] AbgAlsiek FdAlEE bRy skl
7 A PCIHE PC887HAI 9l 2o 2 AsEAe 54S Yeh, 7t
PCol EZgHoigl 919898 2437 sl 7199=9 PCE +A4 ¥

PC
Label PC1 PC2 PC3 PC4 i A PC88
Documents
1 1 -1.5087 -0.5118 -1.0224 1.2419 -1.1859
2 1 -1.2843 1.3996 -0.0307 0.3879 0.0879
3 1 -1.3977 1.2075 0.2767 0.5976 0.0152
4 0 -0.3059 0.5403 0.2304 -1.3621 0.3487
25837 0 -1.3225 1.3657 0.3887 0.1845 0.1727

Fig. 26 Document-PC matrix for PCA
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4.2.3 k-fold cross validatione & &3 dlolg £ A

TREde HUE 98t A wWEZY2E k-fold cross validations
AFE3ke] training set¥} test seto @ W& Th AA| dHolHE 204 30
7hA1] k ghell diete]l WtR R4S Feste], Agwrt M =4 JE
W 5709 fold2 o] WA FES TSt th Table 99 22 data
set2 ZAEdt. 2 A3} training set> 184797 9] HAMA & E-A o
2268719 AlFASEAE FAEACH, test setS 4505712 F-AHA) B+
A} 5857 8] A AR R Baetdty Axpa o w 20,74770 9] training

seto 2 4719 BEHF WHES =3 2 mdS 57 a, 5090709 test

Table 9 Number of training and test set

Training set Test set
Non-fatal disaster (0) 18,479 4,505
Fatal disaster (1) 2,268 585
Total 20,747 5,090
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Errdy J3e B4 A3}l confusion matrixi= Table 103 Zom,
7y 2ol zpdo] HQ3k geprEHE 412 REEE 24 WA A&
g o AAste] ATE TS

WA logistic regression®] 292 R generalized linear models A&
ate] ZHAgstdth. A 5090719 test data sete] WHE 185 277k 1871,
2% w7F 267M=E JdEyon, Rde AHx Ax Ayes A
0.9683, A @& o] 09538, 4 eE7} 0.9914% e

t}S5 02 decision tree B&-& RE| rpart package & AYAF=E

!
rr

o

o
H

£ AlitsteE CARTE AH&staith. AA 5090719 test data set®] 7+
15 277F 10870, 2% 277F 3017H= YElske ™, decision tree H 2]
detx: A Ay AUE7E 07244, AdE&] 04855, 4S=7F 091962
= uEbstth

Neural network #F2 2> RE neuralnet packages AF-&3F%omH,
tolerable error”} 7} Al YEbE 2709] hidden layer® % node = (20,5)
2 B4 AA 5090702 test data sete] EF= 15 77 1470, 2
T L7 IHE dUetgen, e Ax A AUETE 09763, AdE
o] 0.9846, 4 & =7} 0.9955% eSO ™, 4719 Rell F AHgE7t 7bE =
Al YERSE

npAEto 2 SVM B9 Rel el071 packages AH&-3tSith WA o
B 17hA 9] gamma@t? 15-E] 247h4] 9] costgbe 244 tHYdshe] RE
HA S Aastdet. 1 A3, gamma = 0.03125, cost = 49 HAZ}S =

%39 o, support vector? i 13349712 uUEbETE B Aol M=

W

T
o

Lo

kernel function %= RBF(radial basis function) - gaussian kernelS A}-&

_82_



3}9] training data seto® ERFEDLS 2Rt ch AA] 5090702 test
!

s F7F 163/M=2 YERE o,

—_
]
=
\]

i

data set®] EFT 15 77

SVM Ede] Agr i Ads JUEs 09613, AldE&2 07213, <

mdy Aste g E Ay B neural network R Eo] AA A o7
1 =2 A E yeElWor, -9 2 logistic regression i @3}
SVM #7549 decision tree R9o A= A7t =4 e
Neural network®} logistic regression®] 4%, v+ A% A FoA 95%
oo A& Holn o, 7 e ASEE B Rl decision

tree= A A &AM 50% vwte] A w7} LERTL
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Table 10 Confusion matrix and degree of accuracy for each methodology

Confusion matrix Precision Recall Accuracy
Predicted : Fatal Predicted : Non-Fatal
Logistic Actual : Fatal 559 26 0.9688 0.9538 0.9914
regression
Actual : Non-Fatal 18 4487
Predicted : Fatal Predicted : Non-Fatal
Decision Tree Actual : Fatal 284 301 0.7244 0.4855 0.9196
Actual : Non-Fatal 108 4397
Predicted : Fatal Predicted : Non-Fatal
Neural Network Actual : Fatal 576 9 0.9763 0.9846 0.9955
Actual : Non-Fatal 14 4491
Predicted : Fatal Predicted : Non-Fatal
Support Vector Actual : Fatal 40 163 0.9613 0.7213 0.9646
Machine
Actual : Non-Fatal 17 4488
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Bodabae] e E£5& F4%kel & PCE PCly PCY, PC5e =42 &
Z5dth PClol EFEAE 71952 Agnd A, et By
A
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Table 11 Classification factors of logistic regression

Nuply Overview of disaster characteristics
of PC
Fall Disasters that occur during installation and
PC4 . . s
dismantling of temporary facilities
High weight for - : " .
fatal accidents PCé6 Disasters during piping work and welding
Disasters caused by machinery during wood working
PC23 :
and form working
PC1 Hazards from saw blades when cutting
High weight for PCY Hazards associated with welding and assembly
non-fatal accidents operations
PC5 Fractures due to piping and demolition work
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o} zrh WA PClE 7|Fo® EFE $3dkv, PC9} PC25, PC4, PCT8
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PC1 >=-1.111

PC9 >=-0.08168

PC25 >=-0.1674

PC4 < 0.2254|

PC78 <-0.2492

0 1

Fig. 27 Differentiation process of decision tree

Table 12 Differentiation order and classification factors of decision tree

Differentiation | Nymbsel Overview of disaster characteristics
order PC
1 PC1 Disasters caused by saw blades when cutting
Disasters that occurred during welding and installation
2 PC9
work
3 PC25 Disasters caused by crane installation and lifting work
Disasters that occur during installation and dismantling
4 PC4 T
of temporary facilities
5 PCT8 Disasters that occur when working with machines such

as crancs
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Table 13 Definition of misclassification and implications of prediction and
management

Error type Definition Implications of prediction and management

High risk non-fatal injuries

* Non-fatal disaster that almost led to fatal
accident

Pt ity prodighl * Disaster that resulted in non-fatal accident
odtual non-all| due to accidental loss
Type 1 error ccident Bl Non-fatal accident, but disaster that will
acdident strengthen corrective action

* Disaster that is non-fatal injured, but needs
to be recognized and managed as fatal
accident by the Ministry of Employment and
Labor or the Korea Occupational Safety and
Health Agency

Accidental fatal injuries

Error in predicting | * Fatal disaster that was close to non-fatal

Tvoe TI error actual fatal accident
P accident as e Disaster that resulted in fatal accident due to
non-fatal accident accidental loss

* Disaster to analyze the special and contingent
reasons that led to fatal accident
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Table 14 Contributions of this study

Previous Current
Descriptive
statistical analysis | Presenting the usefulness of the
only for disaster summary made up of text
Use of data | categorized
categories despite | - Extract risk factor keywords
the use value of from disaster documents directly
data
Academic Suggestion of direction for analysis
contribution methodology of disaster documents
e - (Unsupervised learning)
research on )
: Presenting a methodology to
Methodology | methodologies Sl .
; : explore the relationship of risk
using disaster ;
documents ggPrs
- (Supervised learning)
Presenting a methodology to
identify the risk of risk factors
Provide tools for effective safety
management for on-site safety
Identification of managers and supervisors
similar disasters in . .
. . the same industry |~ (Unsupervised leaming)
Practical Industrial by usine disaster Exploration of new risk factors
contribution site Y & related to discovered risk factors

statistical analysis
prepared in the
form of a report

- (Supervised learning)
Prepare for a high-risk disaster
through safety management even
though it appears to be an injury
disaster
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B. Analysis code

Analysis code for SOM using MATLAB

sM = som set('som map');
sD = som set('som data');
sTo = som _set('som_topol');
sTr = som set('som train');
sN = som_set('som norm);

D=som read data('cons_kosha.txt") % fix ‘D-labels’
msize = [10, §]

sMap=som_make(D, msize',msize)

%sMap = som randinit(D);

%sMap = som lininit(D);

%sTopol = som topol_struct('data’,D);

%sTrain = som train_struct(‘phase’, train','data’,D,'map',sMap);

sMap=som_autolabel(sMap,D,'vote');
Y%sMap=som_autolabel(sMap,D);

sS = som_show(sMap,'umat','all');
%som_show(sMapl,'comp','all’);
som show add('label',sMap.labels, TextSize',11, TextColor','t")
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Analysis code for TF-IDF using program R

# TF-IDF: #
Narr <- read.csv("Narr.csv", header = TRUE)
Corpus.Narr <- Corpus(DataframeSource(Narr))

data <- unlist(Corpus.Narr)
data.Noun <- extractNoun(data)

Corpus.data <- VCorpus(VectorSource(data.Noun))

dtm <- DocumentTermMatrix(Corpus.data,
control=list (tokenize=words,
removeNumbers=T,
removePunctuation=T,
wordLengths=c(2,10),
stopwords=c(stop_K),
weighting=weightTfldf)
)

matrix tidf < as.matrix(dtm)

mt.count <- colSums(matrix.tfidf)
mt.order <- order(mt.count, decreasing=T)

freqmt <- matrix.tfidf,mt.order[1:100]]

write.csv(freq.mt,"TFIDF.csv") #need preprocessing data (+ empty data)#
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Analysis code for principal component analysis using program R

# PCA #
pca <- read.csv("TFIDF.csv", header=TRUE)

peatfidf <- prcomp(pca,center=T, scale=TRUE)

m

screeplot(pca.tfidf, main = "", col = "red", type = 'lines", pch = 1, npcs =
length(pca.tfidf$sdev))

summary.model <- summary(pca.tfidf)
summary.model

biplot.model <- biplot(pca.tfidf)
biplot.model

pcakey <- pca.tfidf$rotation
pca.matrix <- as.matrix(pca.tfidf$x)

write.csv(pca.matrix, "pca.matrix.csv')
write.csv(pca.key, "pca.key.csv'")
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Analysis code for k—fold cross validation using program R

e m Partition / k-fold cross-validation------ #

data.pca <- read.csv("pca.matrix.csv")
k=5

data.pca$id <- sample(1:k, nrow(data.pca), replace = TRUE)
list <- 1:k

prediction <- data.frame()
testsetCopy <- data.frame()

progress.bar <- create progress bar("text'")
progress.bar$init(k)

for(i in 1:k){ trainingset <- subset(data.pca, id %in% list[-i])
testset <- subset(data.pca, id %in% c(i))
H

write.csv(trainingset, "trainingset.csv')
write.csv(testset, "testset.csv'")
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Analysis code for logistic regression using program R

#-----Logistic Regression ------------ -#

r.train <- read.csv("trainingset.csv'")

r.test <- read.csv("'testset.csv')

glm.fit <- glm(CS~., family = "binomial", data = r.train)
sum.glm <- summary(glm.fit)

summary(glm.fit)

r.anova <- anova(glm.fit, test="Chisq")
r.anova

glmtest <- predict(glm.fit, newdata = r.test, type = "response")
round(glm.test)

r.table <- table(round(glm.test),r.test$CS)
confusionMatrix(table(round(glm.test), r.test$CS))

plot(glm.test, main = "Regression")
R.model <- write.csv(glm.fitSmodel, "r.model.csv")

write.csv(glm.test, "reg form.csv'")
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Analysis code for decision tree analysis using program R

# DT #

train <- read.csv("trainingset2.csv")
str(train)

dfitrain <- train[,-1]
table(df.train$CS)

test <- read.csv("testset.csv")
str(test)

dfitest <- test[,-1]

table(df test$CS)

tree_model <- rpart(CS~.,df.train, method="class")
tree_model$cptable

plot(tree_model)

opt.cp <- tree_model$cptable[which.min(tree_model$cptablef,"xerror"]),"CP"]
tree_model prune <- prune(tree_model, opt.cp)

plot(tree_model prune)

text(tree_model prune)

r_predict <- predict(tree_model prune, dfitest, type="class", na.action = na.pass)
write.csv(r_predict,"dt predict.csv")

confusionMatrix(table(r_predict, test$CS))

Analysis code for neural network analysis using program R

Hrmmmm e Neural network --
nn.model <- neuralnet(CS~., data = r.train, hidden = c(20,5))
plot(nn.model)

nn.predict <- predict(nn.model, r.test)

confusionMatrix(table(round(nn.predict),r.test$CS))
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Analysis code for support vector machine using program R

# Support vection machine
result <- tune.svm(CS~., data=r.train, gamma = 2%(-5:0), cost = 2"(0:4), kernel="radial")
result$best.parameters

scm <- svim(CS~., data = r.train, gamma=0.03125, cost=4)

summary(scm)

svm.test <- predict(scm,r.test)

plot(x=r.test$CS, y=svm.test, main ="SVM")

mse <- mean((svm.test - r.test$CS)"2)

mse

confusionMatrix(table(round(svm.test), r.test$CS))

write.csv(svm.test,"svm predict.csv")
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