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13 Abstract: An analysis of workplace accidents in the mining sector has been done using the database
14  from the Spanish administration between the period 2005-2015 and applying data mining
15  techniques. Data has been processed by means of the software Weka. Two scenarios were chosen
16  regarding the accidents database, surface and underground mining. The most important variables
17  involved in occupation accidents and their association rules have been determined. These rules are
18  formed by several predictor variables that cause an accident, defining its characteristics and context.
19  This study exposes the 20 most important association rules of the sector, either surface or
20  underground mining, based on statistical confidence levels of each rule obtained by Weka. The
21 outcomes display the most typical immediate causes with the percentage of accident basis of each
22 association rule. The most typical immediate cause is body movement with physical effort or
23 overexertion and type of accident is physical effort or overexertion. On the other hand, the second
24 most important immediate cause and type of accident change in both scenarios. Data mining
25  techniques have been proved as a very powerful tool to find out the root of the accidents, apply
26  corrective measures and verify their effectiveness, either for public or private companies.

27
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29

30

31 1. Introduction

32 The mining industry is an important economic sector for many countries, including Spain, and

33  includes coal, metal and non-metal minerals. Its use is extensive worldwide and it comprises the
34  production of necessary elements all sectors, such us construction, energy, agriculture, medical or
35  electronic. According to the mining statistics of Ministry of Industry, Energy and Digital Agenda
36  from Spain, in 2015, there were 2896 surface and underground mines, having 4540 people directly
37  employed in underground mines, 12702 in quarries and 6755 in mineral processing plants.

38 Unfortunately, many studies have pointed out the mining sector as one of the most dangerous
39  activities due to its intrinsic characteristics: environmental conditions with a significant degree of
40  humidity and dust, danger of injury from falling rocks or falls on the same and different level, etc.
41  [1-7]. All these factors have influence on the incidence and severity of accidents, both higher than in
42 other economic sectors. Moreover, the incidence index, number of accidents per 100000 workers, was
43 4.3 times higher in the Spanish mining sector than the overall value of the country in 2015, verifying
44  the danger of mining compared to other economic sectors. Besides, the same index also indicates
45  that underground mining is much more hazardous than surface mining, 4.8 times higher than in
46  surface mining, between 2005 and 2015. When the comparison is done with the mining sector from
47  other countries, the Spanish ratio is 5.5 times higher than in the United States or 16.1 than in Australia
48  according to the data from the corresponding public agencies. However, the Spanish incidence index
49  has been significantly reduced, 2.1 times between 2005 and 2015 [8]. Despite this remarkable
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50  evolution, there is still room for improvement and reduce the direct and indirect costs generated by
51  injuries and deaths [9]. Many studies related to high-risk industries have proved that safety culture
52 and organizational performance are key factors to reduce workplace accidents rates [10-14].

53 The accident analysis in Spanish surface mining between 2005 and 2015 shows that 19.5% of the
54  accidents were caused due to physical overexertion on the musculoskeletal system, with an
55  immediate cause because of body movement, being the most common. Moreover, some studies also
56  indicate a direct relationship between overexertion injuries and age of the employee [15].

57 The knowledge of the main occupational hazards, their causes and factors is necessary to
58  improve the safety conditions of the employees. Therefore, it will require a tool able to handle large
59  amounts of information, known as data mining, with the idea to study the genesis of occupational
60  accidents, together with the extraction of rules or behavioral patterns of injuries. Weka software is a
61  collection of state-of-the-art machine learning methods and data preprocessing tools composed by
62  all major learning techniques for classification and regression: Bayesian classifiers, decision trees,
63 rule sets, linear regression and nearest-neighbor methods [16-18]. Weka 3.9 software has been used
64  in this case.

65 Methods based on Bayesian networks are more sensitive in detecting associations among
66  categorical variables than other statistics methods. Hence, this methodology can be very useful to
67  obtain reliable conclusions for the decision-making process with regard to safety issues. Bayesian
68  networks have also been applied in many other scientific fields such as civil engineering [19],
69  geological engineering [20], ecology [21], medicine [22], road traffic safety [23-25], environmental
70  assessment impact [26, 27] business risk and product life-cycle analysis [28]; workplace tasks [29],
71  workplace risk area [30], interrelation between hygienic workplace conditions and occupational
72 accidents [31] or construction and mining accidents [32,33].

73 The objective of this paper is to extract information from the annual digital database of the
74  Spanish mining accidents between the period 2005-2015. The accidents are classified in function if
75  the place where took the accident is an underground mine or an open-pit mine. The main factors
76  influencing in the typology of occupational accident have been identified in each class, with the idea
77  of improving preventive policies, minimizing risks, injuries and deaths in the mining sector.

78

79 2. Materials and Methods

80 2.1 Study population

81 A total of 56034 mining accidents are classified in two scenarios: Scenario I, the accident takes
82  place in an underground mine; Scenario I, the accident occurs in a surface mine. 28894 and 27140
83  instances are collected in Scenario I and Scenario II respectively.

84
85 2.2 Variables
86 Although 54 variables were registered in every accident, only 11 of them have been chosen due

87  to their relevance in the study. The variable Type of Accident has been selected as target attribute,
88  while the remaining variables are considered as predictors.

89

90 The first step is the detection of possible errors in the database. Numerical and graphic statistical
91 methods are used to verify if they correspond with the different groups where variables are
92  classified. If so, the instances are corrected or removed from the original dataset. The 11 selected
93  variables are the following:

94
95 e Age (A): Age of the injured worker, distributed in seven classes: [16-24], [25-29], [30-34], [35-39],
96 [40-44], [45-54], [more than 55].

97 e Contract (C): Four different types of employment contract. 1=permanent and full-time;

98 2=permanent and part-time; 3=temporary and full-time; 4=temporary and part-time.

99 e Day Hour (DH): Hour of the day when the accident happened. Five classes are considered: (0-
100 6], (6-10], (10-14], (14-18], (18-24].
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e  Experience (E): Months of experience of the injured employee, seven groups: [0-12], [13-30], [31-
60], [61-120], [121-180], [181-240], [more than 241].

e  Physical Activity (PA): Physical activity done by the worker at the time of the accident. Seven
categories are considered: 1=machine operations; 2=working with hand tools; 3=driving or
being in a conveyance; 4=manipulation of objects; 5=manual handling of loads; 6=performing a
movement; 7=others.

e Place (P): Place where the injury occurred. Five groups are considered: 1=treatment plants,
workshops and storages; 2=general constructions or demolitions; 3=surface mine;
4=underground mine; 5=other places. This variable is only considered in surface mining.

e DPreventive Organization (PO): Preventive organization in the company, organized in six
categories: 1=the employer; 2=designated workers; 3=own prevention service; 4=joint
prevention service; 5=external prevention service; 6=without prevention service.

e  Previous Cause (PC): Previous cause before the accident, grouped in seven categories: 1=electric
problem, explosion, fire, overflow, overturn, leak, spill, vaporization or emanation; 2=fracture,
slip, fall or collapse; 3=loss of control of the working machinery, total or partial; 4=falls/tumbles
of a person; 5=body movement without physical effort; 6=body movement with physical effort
or overexertion; 7=other causes.

e  Size (S): Number of employees of the mining activity. Groups are: [0-9], [10-19], [20-49], [50-99],
[100-499], [more than 500].

e  Type of Accident (TA): It explains the cause of the accident. Seven categories are considered:
1=electric contact, fire, contact with hazardous substances, drowning; 2=impact or collision with
stationary object; 3=hit or collision with a moving object; 4=contact with a sharp or pointed
object; 5=being trapped, crushed or suffering an amputation; 6= physical effort or overexertion;
7=others.

e Work Hour (WH): How many hours the employee worked before the accident. Six groups are
established: [0-1], [2-4], [5-8], [9-10], [11-12], [more than 13].

Parameters created will have a terminology such as Al, which means the age of the injured (A)
is between 16 and 24 (1). Figure 1 shows the absolute frequency distribution for the variable Type of
Accident, used as target attribute.
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Figure 1. Frequency distribution for the variable Type of Accident.
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134 2.3 Significant predictors

135 Classification tools are used to perform further analysis on pre-processed data, obtaining a
136  model produced on the full trained data. A ranking of the most significant predictors for the target
137  variable Type of Accident is established by means of attribute evaluators and data mining tools. Select
138  Attributes of Weka provides methods to identify the variables that are predictive for Type of Accident.
139 Some attribute evaluators combined with search methods have been used, Table 1. Two different
140  selection modes called full training set and cross-validation have been applied, choosing n=10 folds for
141  the cross-validation method. In this case, dataset is randomly reordered and split into 10 folds of
142 approximately equal size. A fold is used to test, while the others train the classifier.

143

144 Table 1. Attribute evaluators, search methods and selection modes.

Target attribute Attribute evaluators Search methods Selection modes

ChiSquaredAttributeEval ~ Ranker

CfsSubsetEval GreedyStepwise
Type of Accident ExhaustiveSearch Full training set and
BestFirst 10 cross-validation
ClassifierSubsetEval RandomSearch
InfoGainAttributeEval Ranker
145
146 Position of variables in each learning scheme is calculated to determine the final ranking for the

147  best predictors that have influenced in Type of Accident. Tables 2 and 3 show the ranking of the
148  predictor variables for Scenarios I and II, respectively. All the accidents in Scenario I belong to the
149  same place, P=4 (underground mine.

150

151  Table 2. Ranking of the variables for Scenario L

Variables PC S PA E PO C A WH DH

Ranking 1 2 3 4 5 6 7 8 9

152
153 Table 3. Ranking of the variables for Scenario II.

Variables PC PA P E S A PO DH C WH

Ranking 1 2 3 4 5 6 7 8 9 10
154
155 2.4 Decision trees and association rules
156 A methodology to produce decision trees is needed. Decision tree learning is a method

157  frequently used in data mining to create a model that predicts the value of a target variable based on
158  several input variables. There are many specific decision-tree algorithms, but one of the most
159  common is the C4.5, a method of classification that generates a decision tree using the training data
160  [34]. In this paper, an improved algorithm from C4.5, the J48 implemented in Weka, has been used
161  for Type of Accident as target attribute. Once the J48 algorithm is applied, the confusion matrix,
162  commonly named contingency table, shows how many instances have been correctly or incorrectly
163  assigned to each class. 77.4% of cases have been properly assigned for Scenario I and 70.6 % for
164  Scenario II, which can be considered as acceptable.

165

166 Association rules are obtained to identify relationships between attributes in data, working with
167  the Predictive Apriori algorithm, which iteratively reduces the minimum support until it finds the
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required number of rules with the minimum confidence [35]. The confidence or predictive accuracy
indicates the number of instances for which all the conditions are true, coverage, divided by the
number of instances for which the conditions in the antecedent are true. The best rules for Type of
Accident allow extracting information about the main causes of the injuries for Scenarios I and II.

3. Results and discussion

130 and 110 association rules have been obtained for Scenario I and Scenario II, respectively.
Tables 4 and 5 expose the 20 best association rules for both scenarios, sorted by their confidence level
with 3 or more predictor variables and having the Type of Accident (TA) as target variable. Another
ranking has also been created, including the predictors variables ordered by the times one variable
appears in the corresponding rule, Tables 6 and 7. The number of associations has been chosen with
the idea to have an important number of them, but always within an acceptable confidence range.

Table 4. The 20 best association rules for Scenario 1.

Predictor Predictor Predictor Predictor Target Confidence %
Variable1 Variable2 Variable3 Variable4 Variable Accidents
C1 PCé6 PA4 PO3 TA6 0.868 6.21
PC6 PA4 PO3 S5 TA6 0.867 6.30
C1 PO3 PA4 S5 TA6 0.863 7.10
E4 C1 PCé6 TA6 0.842 5.05
E4 C1 PCé6 TA6 0.828 5.60
C1 PCé6 WH2 E4 TA6 0.816 8.37

C1 PCé6 PO3 TA6 0.814 13.40
PC6 WH?2 PO3 TA6 0.814 7.32
C1 PCé6 WH2 PO3 TA6 0.814 7.20
S5 PC2 PA2 TA3 0.812 5.88
C1 PC2 PA4 TA3 0.811 6.52
S5 C1 PC2 PA1 TA3 0.804 5.34
PC2 PA2 WH2 TA3 0.803 5.73
PC2 PA4 PO3 TA3 0.799 5.73
C1 PCé6 WH3 TA6 0.799 5.28
C1 PC2 PA4 PO3 TA3 0.799 5.59
S5 PC2 WH3 TA3 0.798 5.13
S5 C1 PCé6 PO3 TA6 0.798 8.56
S5 PCé6 PO3 TA6 0.797 8.72
S5 C1 PCé6 TA6 0.796 9.59

Table 5. The 20 best association rules for Scenario II.

Predictor Predictor Predictor Predictor Target Confidence %
Variable1 Variable2 Variable3 Variable4 Variable Accidents
C1 PCé6 WH?2 TA6 0.811 7.11
C1 PCé6 WH?2 PO5 TA6 0.809 5.73
PCé6 PA4 P1 El TA6 0.807 7.65
PC6 PA4 PO5 TA6 0.806 6.38
S3 PCé6 P1 WH2 TA6 0.796 5.68
PCé6 WH?2 PO5 TA6 0.795 9.23
PC6 DH2 PO5 TA6 0.794 6.04
C1 PC6 PO5 El TA6 0.792 10.75
PC6 P3 PO5 TA6 0.792 6.35

C1 PC6 P1 TA6 0.786 7.30
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C1 PC6 P1 PO5 TA6 0.785 5.25
PC6 DH3 PO5 TA6 0.783 5.56
PC6 P1 PO5 TA6 0.771 8.38

S3 PCé6 PO5 TA6 0.771 5.17
PC4 PA6 P1 PO5 TA2 0.766 6.25

S3 El PC6 PO5 TA6 0.753 5.34

C1 PC4 PO5 TA2 0.750 5.68

S3 PC6 PO5 TA6 0.745 6.40
PC6 WH3 PO5 TA6 0.743 5.73

C1 PA6 PO5 TA2 0.464 6.44

Table 6. Number of times a variable appears in an association rule, Scenario 1.

Variables PC C PO WH S PA DH A E
Num. of repetitions 75 57 47 42 39 33 17 15 7
Ranking 1 2 3 4 5 6 7 8 9

Table 7. Number of times a variable appears in an association rule, Scenario II.

Variables PO C PC WH P DH PA E S A

Num. of repetitions 64 42 37 32 25 20 16 13 10 4

Ranking 1 2 3 4 5 6 7 8 9 10

There are some important differences between the ranking from Weka, Tables 2 and 3, and the
number of times a variable appears in association rules, Tables 6 and 7; variables involved in more
than 45% of all accidents are classified in lower positions by Weka. For instance, C, PO and WH,
from Scenario I, have low positions according to Table 2, but they are at the top of Table 6. Besides,
C1, PO3 and WH2 are 82.7%, 74.9% and 51.5% of 28894 accidents, respectively. Something similar
happens in Scenario II, where the same variables are in low positions in Table 3 and in high positions
in Table 7 with an 83.2%, 62.2% and 48.4% of 27140 accidents, respectively. According to the data
processed, the mining sector characteristics explain some of these initial outcomes.

a) A high percentage of work contracts in the sector are full-time and permanent, C1.

b) The main type of Preventive Organization varies if it is underground or surface mining, due to
the average of employees. Almost all surface activities have less than 50 workers, while the
majority of underground mining activities have more than 99 employees. This fact leads to
internal prevention services in underground mines, PO3, and external prevention services in
surface mining, PO5.

c) Variable Work Hour (WH) has few influence in the Type of Accident. It appears in 6th and 5th
position in the top 20 for Scenarios I and II, respectively. Besides, it has been found that the
majority of accidents occur between the first 2-4 working hours in 8 out of 11 rules in both
scenarios, WH2. This fact could suggest there is a lack of attention due to a meal break, which
is usual between the second and third hour of working, decreasing the concentration level when
work is restarted.

3.1 Scenario |
Previous Cause (PC), Size (S) and Physical Activity (PA) variables are in the top of Table 2. Hence,
these predictors are the most influential variables in the Type of Accident.
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215 PCis in 19 out of 20 association rules and the type PC6, body movement with physical effort or
216  overexertion, is in 12 out of 19 rules, generating a TA6 accident, physical effort or overexertion.
217 Meanwhile PC2, fracture, slip, fall or collapse, is in the other 7 rules, with a TA3 accident, hit or
218  collision with a moving object. According to these rules, the accident with a prediction variable PC6
219  and an exit of TA6 is given in 91.6%; whereas 39.9% have the prediction variable PC2 and an exit
220  TAS3. Results suggest that preventive policies in underground mines should be focused on reducing
221  accidents due to physical effort or overexertion, perhaps mechanising some actions as well as
222 increasing load handling training programs. In addition, falling of objects from the ceiling and walls
223 is also important, being necessary to train workers about workplace inspections and control
224 procedures. These statements are in accordance with [36], who studied 320 underground mines and
225  concluded that the three most influencing factors of coal mine accidents are: 1) lack of safety
226  education and training, 2) rules and regulations of safety production responsibility and 3) rules and
227  regulations of supervision and inspection.

228

229 Size (S) variable is the second most important according to Table 2. It appears in the best 8 out
230  of 10 association rules with a class S5 in all cases, mining activities between 100-499 employees, being
231  a predictor variable in 57.6% of the accidents. Besides, Table 8 gathers the following information
232 from the database: Percentage of accidents, workers, size of the company and incidence index. The
233 last variable index is indicative of the incidence of accidents among different groups or
234  subpopulations [37], and it is defined as the ratio of percentage of injured workers of a given
235  subpopulation to the percentage of the total workforce represented by this subpopulation.

236

237  Table 8. Official data from the Spanish administration in the period 2005-2015.

Variable <=49 Workers 50-99 Workers  100-499 Workers >=500
Workers
Accidents 12.2% 9.4% 50.5% 27.9%
Workers 4.2% 5.3% 25.8% 64.7%
Incidence Index 29 1.8 2.0 0.4
238
239 The incidence index is much higher in underground activities with less than 50 employees than

240  in the other groups, the ratio is reduced as the company gets bigger. This fact matches with other
241 studies, either in the mining sector [38],0r other industrial activities [39]. Besides, the difference
242 between companies with a workforce of less and more than 500 employees is quite relevant, having
243 amuch lower incidence index.

244

245 According to Weka, the Physical Activity (PA) developed at the moment of the accident is
246  classified as the third most influent variable in Scenario I, appearing in the best 9 out of 20 association
247  rules, Table 4. The predominant activities are: manipulation of objects, PA4, and working with hand
248 tools, PA2. On the other hand, Experience (E) is the 4th in the ranking, outstanding the class E4,
249  workers between 61 and 120 months of experience, which is in discordance with previous studies
250  [40,8], where they point out the highest accident incidence in cases with less than 30 months of
251  experience. Further research should be done in this regard. In reference to the Age (A) variable, it
252 does not have a significant influence to the Type of Accidents, being in the 7th and 8th positions in
253  Tables 2 and 6, respectively. The three best association rules are detailed in the following paragraphs:

254

255 1. Employee with a full-time permanent contract in a company with an internal prevention
256 service. The worker suffers and accident while doing a physical activity manipulating objects,
257 with an immediate cause based on body movement with physical effort or overexertion.

258 2. Employee from a company with an internal prevention service and a size between 100 and 499
259 workers. He suffers and accident while doing a physical activity manipulating objects, with an

260 immediate cause based on body movement with physical effort or overexertion.
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261 3. Worker with a full-time permanent contract in a company with an internal prevention service

262 and a size between 100 and 499 workers. He suffers and accident while doing a physical activity
263 manipulating objects, with an immediate cause based on body movement with physical effort
264 or overexertion.

265

266 3.2 Scenario I

267 Predictor variables PC, PA, E and S are among the most important ones, like in Scenario I, as

268  well as Place (P) variable, which is specific for surface mining and it is the third with more influence.
269 On the other hand, variables A, PO, DH, C and WH are at the bottom of the ranking, but A and DH
270  have more relevance than in Scenario L.

271

272 PC variable appears in 18 out of 20 association rules and it is a class PC6 in 16 out of these 18,
273 body movement with physical effort or overexertion, with a Type of Accident TA6, whereas it is PC4,
274  falls/tumbles of a person, in the other two, with TA2, impact or collision with stationary object,
275  generating 114.4% and 11.9% of the accidents, respectively. Preventive measures similar to Scenario
276  Ishould be taken for the Type of Accident PC6-TA6 and PC4-TA2 due to its important consequences.
277

278 Place (P) is the third most influent variable and it appears in 7 out of 20 association rules, Table
279 5, and 6 of these rules are P1, treatment plants, workshops and storages, which includes 40.5% of all
280  accidents. These results are in accordance with previous studies [14]. Regarding Experience (E)
281  variable, it is the 4th with more influence to accidents generation. It appears in 3 out of 20 and in
282 23.7% of all accidents as association rule with a class E1, less than 12 months of experience, which is
283  in accordance with the current literature [40,8]. However, it is in discrepancy with results from
284  Scenario L. The three best association rules are detailed in the following paragraphs:

285

286 1. Worker with a full-time permanent contract suffers an accident between the first 2-4 working
287 hours, with an immediate cause of body movement with physical effort or overexertion.

288 2. Worker with a full-time permanent contract in a company with an external prevention service.
289 He/she suffers an accident between the first 2-4 working hours and an immediate cause of body
290 movement with physical effort or overexertion.

291 3. Employee with less than 1 year of experience working in a treatment plant, workshop or storage
292 suffers an accident due to object manipulation, with an immediate cause of body movement
293 with physical effort or overexertion.

294

295 4. Conclusions

296 The use of data mining techniques has been proven as a powerful tool to determine the main
297  factors and rules of occupation accidents in the mining sector from a large database. The usage of
298  Weka could help public and private companies to find out the root of the accidents, apply corrective
299  measures and verify their effectiveness in the time. Regarding both scenarios, some common
300  patterns and differences have been found:

301 a) Among the five more influent variables, four are coincident: PC, S5, PA and E.
302 b) The most typical accident has an immediate cause of body movement with physical effort or

303 overexertion.

304  ¢) Thesecond mostimportant type of accident in Scenario I has an immediate cause of fracture, slip,
305 fall or collapse (PC2), causing a type of accident hit or collision with a moving object (TA3). This
306 type of accident includes ceiling, wall or object collapse. On the other hand, Scenario II displays
307 a second most important type of accident with an immediate cause of falls/tumbles of a person
308 (PC4) and a type of accident impact or collision with stationary object (TA2).

309  d) The age of the injured workers has little influence to the Type of Accident.
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310 e) The size of the company has more influence in the origin of the accident in Scenario I than in

311 Scenario II.
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