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Abstract 

A probabilistic approach has been developed to extract recurrent serious Occupational Accident with Movement Disturbance 

(OAMD) scenarios from narrative texts within a prevention framework.  Relevant data extracted from 143 accounts was initially 

coded as logical combinations of generic accident factors. A Bayesian Network (BN)-based model was then built for OAMDs 

using these data and expert knowledge. A data clustering process was subsequently performed to group the OAMDs into similar 

classes from generic factor occurrence and pattern standpoints. Finally, the Most Probable Explanation (MPE) was evaluated and 

identified as the associated recurrent scenario for each class. Using this approach, 8 scenarios were extracted to describe 143 

OAMDs in the construction and metallurgy sectors. Their recurrent nature is discussed. 

Probable generic factor combinations provide a fair representation of particularly serious OAMDs, as described in narrative texts. 

This work represents a real contribution to raising company awareness of the variety of circumstances, in which these accidents 

occur, to progressing in the prevention of such accidents and to developing an analysis framework dedicated to this kind of 

accident.  
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1. Introduction 

Prevention of trips, collisions, slips and other movement disturbances in the workplace represents an undeniable 

human and financial challenge. Bureau of Labor Statistics (BLS, 2012) data show that, in the USA, these accidents 

represented about 30% of the 1,181,290 non-fatal occupational accidents (OA) with days lost in 2011. In its 2008 
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document on the "causes and circumstances of accidents at work in the European Union", the EC states that, among 

the 3,983,881 non-fatal accidents causing more than 3 lost work days in 2005, 19% were slips, trips, missteps, 

stumbles without a fall or with a fall on the level  (CE, 2008). At companies operating under the French general 

social security system, slips, trips and other movement disturbances in work situations (excluding working at height) 

represented 32% of accidents with days lost (213,940 accidents); 34% of accidents with permanent partial disability 

(13,759 accidents); 35% of lost work days due to temporary disability (13,591,652  days) and  5% of fatal accidents 

(25 accidents) in 2011 (CNAMTS, 2012).  

Analysis of this kind of accident is often limited to factors close to the injury in the accident genesis. However, 

accident analysis has also revealed explanatory factors distant from the injury, such as equipment usage (Kines, 

2003), access system configuration (Leclercq et al., 2007), work system design (Derosier et al., 2008), work 

organization or safety management (Bentley and Haslam, 2001). Each factor revealed by analyzing an accident is 

required for its occurrence, irrespective of its position in the accident genesis. Investigating the accident genesis as 

far upstream of the injury as possible therefore assists prevention in terms of highlighting a maximum number and a 

variety of levers for action. A diversity of OAMD occurrence circumstances for different activity sectors (Leclercq 

and Tissot, 2004) has also been observed within a single company (Leclercq and Thouy, 2004). Combinations of 

factors common to several slips, collisions and other movement disturbances have been empirically identified in all 

the accidents subject to in-depth analysis at a regional power distribution facility (Leclercq and Thouy, 2004) and at 

a railroad company (Leclercq et al., 2007). The authors termed each of these combinations a “recurrent scenario”. 

Haslam and Bentley (1999) had already observed that a combination of slippery conditions, use of footwear with 

worn treads and time-saving behavior was encountered in 50% of slip, trip and fall accidents among postal delivery 

workers. 

Representing accidents by combinations of factors, rather than by isolated factors, allows us to characterize more 

closely accident-causing situations since an isolated accident factor (congested floor, person running, etc.) is more 

representative of a usual occupational situation than of an accident. Prevention is thus more a question of controlling 

factors, whose combination can be harmful, rather than trying to eliminate every risk factor (Monteau, 1997), which 

would indeed appear illusory in the case of OAMDs. Furthermore, a fact that has contributed to accident occurrence 

can sometimes only be considered an accident factor within the context of its occurrence. It may, in fact, be a safety-

related factor in another context. For example, knowledge of a location is a safety-related factor, when a person 

anticipates a step (abrupt change in level) at a location where it is unusual (e.g. midway along a corridor). This same 

knowledge can be an unsafeness-related factor, when there is an unfamiliar obstruction and a person, trusting his/her 

knowledge of the location, does not notice it. Characterizing an accident by a combination of factors, such as an 

accident scenario, rather than by an isolated factor therefore allows us to consider contextual information reflecting 

the accident-causing nature of certain identified factors.  

The purpose of this research is to develop serious recurrent OAMD scenarios, which go beyond the exclusively 

empirical stage of this development process adopted by Leclercq et al. (2007). Our work falls within the framework 

of a systemic accident model (Hollnagel, 2004), which has proved beyond any doubt its value to OAMD prevention 

(Bentley, 2009).  

Bayesian Network (BN)-based approaches appear better suited to answering this kind of issue. They provide an 

adequate representation of our pre-processed data, being a set of accident factors combinations built by experts. 

Each combination is composed of qualitative knowledge (accident factors) and logical links (links between factors 

in each logical combination). BNs are well adapted to model such data, bridging the gap between different types of 

knowledge and unifying all available knowledge into a single type of representation. They are capable of 

apprehending qualitative knowledge, in terms of accident factors, and links through BN structure. They can also 

apprehend quantitative knowledge, in terms of frequency of accident factor occurrence among data set, through BN 

parameters, allowing recurrent scenarios extraction. Unlike other methods such as neural network models, 

regression methods etc., all the parameters in Bayesian networks have an understandable semantic interpretation. 

This method can therefore combine expert knowledge with data, to build the model. This is particularly useful when 

the amount of data is small. Moreover, if machine learning techniques are used (with or without expert knowledge) 

to build the model from a data set, it can be explained in terms that are understandable by domain experts.  

BN-based occupational safety studies have been conducted by several authors in recent years. Using coded data, 

they have analyzed the effect of task performance-related factors in situations involving risks of falling from ladders 

or equipment such as scaffolding (Martín et al., 2009), the effect of safety climate- and individual experience-related 

factors on human behavior (Zhou et al., 2008) or the effect of accident factors (Zhao et al., 2012) or working 

conditions (García-Herrero et al., 2012) on accident occurrence. In the field of road accidents, BNs are increasingly 
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used, e.g. to model and classify accidents according to their injury severity (Simoncic, 2004; de Ona et al., 2011) or 

to predict the number of accidents of different severity (Deublein et al., 2013) or crash in real time (Hossain and 

Muromachi, 2012). To our knowledge, no BN-based research has investigated a methodology for determining 

recurrent scenarios as a diagnostic step towards improving occupational safety. This aim requires in-depth analysis 

of a set of accidents, which can be found in a database whose richest information is contained in narrative texts. 

Indeed, Lincoln et al. (2004) have shown that narrative text analysis is a useful supplement to traditional 

epidemiological analyses because it provides qualitative data, usually based on the accident/injury process, which 

offers a deeper understanding of the underlying accident process. Fatality investigation reports, in particular, contain 

data elements not routinely analyzed with coded occupational injury surveillance data (Bunn et al., 2008).  The issue 

now is, “Is it possible to extract recurrent scenarios from a set of serious OAMD narrative texts?”  

Further studies aimed at understanding accidents based on narrative text have been conducted in recent years. 

McKenzie et al. (2010) describe recent advances in using this kind of text in injury surveillance research. Narrative 

texts need to be pre-processed, unlike coded data which can be directly applied within the scope of BN-based 

approaches. Automatic methods, such as text mining, have been developed to extract clusters of words with a high 

probability of target category association (Brooks, 2008). However, these methods do not allow accurate 

identification of accident factors from a narrative text, i.e. facts that make sense in terms of the accident progression. 

Similarities or identities can effectively be expressed in words with different meanings or, conversely, a similar 

meaning can be expressed in differently spelt words (McKenzie et al., 2010). These facts can only be extracted, if 

the whole narrative is considered. To date, most OA analyses based on narrative text have implemented, for example 

a ‘reconstruction template’ (Lincoln et al., 2004), a priori-defined generic accident factors (Shibuya et al., 2010) or 

Haddon’s matrix (Bunn et al., 2008) to process information manually. Analysis of these processed data is usually 

based on the occurrence and co-occurrence of factors or a number of related keywords.  

Our aim is to extract combinations of factors common to several accidents, so we need to identify, from narrative 

texts, both accident generic factors, which have contributed to injury occurrence and how these factors have 

combined to cause injury. A BN-based approach has been developed to extract such combinations or recurrent 

scenarios.   

 

2. Method  

2.1. Data pre-processing  

2.1.1. Data 

The OAMD data used in this study were taken from the France’s anonymous EPICEA database consolidating 

more than 18,000 OA cases that have occurred, since 1990, at companies operating within the French general social 

security system (EPICEA, 2011). EPICEA lists nearly all fatal occupational accidents and some accidents that were 

serious or significant for prevention. Identifying OAMDs contained in the database is not automatic. In particular, it 

requires analysis of the narrative text wording and reading of each account prior to its inclusion in the corpus data.  

Our study concentrated on the construction and metallurgical industries because these are the industrial sectors most 

affected by occupational accidents. These industries are dynamic and hazardous due to the diverse and complex 

nature of their work tasks, trades and environments, as well as the temporary and transitory nature of the workplaces 

and workforces (Kines, 2002). 143 accidents were ultimately extracted from EPICEA database, 79 cases from the 

construction sector and 64 cases from the metallurgical industries. However, this set is not representative of all 

OAMDs, so results could not be extrapolated to OAMDs occurring within the French general social security system. 

The construction and metallurgical industry set does allow us to develop the recurrent scenario extraction 

methodology and synthesize a set of 143 OAMDs through a number of recurrent scenarios. Narrative texts were 

used because they offer a better understanding of the underlying accident process (cf. Section 1). The texts used 

were of variable length (30 to 337 words). 

2.1.2. From narrative text to a logical combination of generic factors 

Building recurrent scenarios requires us to extract, from a set of accidents, combinations of factors that have 

contributed to an injury and are common to several accidents. This means initially grouping singular accident 
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factors, by definition specific to the accident with which they are associated, under the heading of generic factors; 

these then become factors common to the genesis of several accidents (Cuny et al., 2010). Accident-related dialog 

with the victim or investigator was impossible since accounts were extracted from a national anonymous database. 

Three OA experts identified descriptive passages expressing a fact that played a part in injury occurrence (singular 

factor) from the narrative text contained in each of the 143 accident reports. A fact was not retained as a singular 

accident factor, if the experts disagreed on its possible role in accident occurrence.  Most of the singular factors 

retained were then consolidated into classes under the heading of generic factors. These generic factors were not 

predefined: they gradually emerged during reading and so they embrace, at best, all the accident factor-related 

information contained in the texts. Generic factor formulation and number stabilize, when a newly read accident 

record provides no further generic factor. Two generic factors, describing the victim’s movement disturbance during 

the task and the injury-causing event, were systematically recorded from each text; these would be systematically 

part of the combination of generic factors describing the accident in question. Other selected generic factors were 

those embracing at least 5 singular accident factors, i.e. those for which the number of singular factors from the 

construction industry (Nconst) added to the one from the metallurgical industry (Nmet) is greater than or equal to 5. 

A method inspired from the “causal tree” (Monteau, 1997) was applied to account for how the accident factors 

combined to cause injury. “Causal tree” method has been developed by the French National Research and Safety 

Institute (INRS - Institut National de Recherche et de Sécurité) to analyze singular occupational accidents. It is also 

called “INRS model” (Kjellen, 2000).  It will be used here to combine the identified generic factors for each of the 

143 considered accidents. This method starts from the injury causing event and involves asking “What event was 

necessary for its appearance?” and “Was another event necessary?” for the event considered and for each 

subsequently known event. This process was continued until all generic factors had been included in a logical 

combination ending in a succession of two events, namely the victim’s movement disturbance during the task, which 

led to the injury causing event. Questioning enabled the contributing generic factors to be interlinked by a logical 

relationship.  

Finally, each accident’s narrative text was coded by a logical combination of generic factors. Figure 1 illustrates 

an example of the OAMD coding step, in which each singular accident factor is highlighted in the narrative text and 

labeled according to its corresponding generic factor. A combination of several generic factors, whose number 

varies for each accident based on the relevant text content, is then identified for each accident using the method 

described above. To achieve our objective, a BN-based method was chosen to model OAMDs to ensure 

consideration of both accident factors and the links between them.   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 1.  An example of narrative text coding 

S.1.4 S.2.2 

S.7.2 

S.2.2: Movement of worker (future 
victim) disturbed, when handling or 

steadying a load, transporting a 

load/object, walking (or not) and using 

a handling device (or not) 

S.1.4: Energy of victim’s disturbed 

movement and support, on which he 

is working (floor slab, platform, 
loose soil, gateway, staircase) cause 

injury 

S.5.1: Current activity 

involves at least two operators 

working in coordination  

 

S.5.1  

S.7.4:  Presence of a physical element 
and/or characteristic of the physical 

environment (except for material used) 

related to, and impeding, current 

activity of the worker (future victim) 

Narrative text: 

 

In a prefabrication workshop, the 

victim - 39 year old laborer - 
handled plywood form for precast 

concrete panels (S.2.2, S.5.1) with a 

colleague (S.5.1). After cleaning, 
the plywood form was placed next 

to the mold and the two workers 

reset it. During this movement 
(S.2.2.), the victim stumbled over 

the rail (S.2.2, S.7.4) of handling 

gantry (S.7.4) and fell on the 
concrete floor (S. 1.4). This resulted 

in bruising of his lower limbs. 
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2.2. Bayesian network model for OAMD analysis                                                                                                                                                                                                    

A BN is a directed acyclic graph (DAG) consisting of nodes and arrows, in which nodes represent random 

variables and arrows represent dependence relationships between connected nodes from a probabilistic standpoint. 

The novel representation for each accident includes generic factors as node values and their transitions as branches. 

The basic idea of such a logical combination is to consider each branch as a possible outcome of an event which is 

here a generic factor.  Each node in a BN model has a specified conditional probability distribution (CPD); the 

model is parameterized by all the CPDs. One of the most important features of a BN model is factorization of joint 

probability space, so that conditional independence can be used to simplify modeling and save computations. A BN 

model is useful when combined with efficient algorithms for inference. Additionally, other inference tasks are 

performed, such as computing the K Most Probable Explanations (MPE) of evidence (K being an integer ≥ 1). Pearl 

(1988) and Pearl (2003) provide detailed information on BN. The steps followed in building a BN model for 

OAMDs are described below.   

2.2.1. Nodes and node values   

When building a BN model, the first task is to identify variables of interest (represented by nodes) and their 

possible states (represented by node values, i.e. here generic factors). All possible states must be mutually exclusive, 

or in other words each variable must take on exactly one of these states at a time. Common states in a discrete 

variable case are Boolean (True or False), ordered (low, medium, high) or integer (e.g. 1 to 10) values. In this study, 

variable states are sets of generic factors.  

It should be noted that “mutually exclusive” means that the intersection of two sets is null, whichever 2 sets are 

considered among N sets. The universe is therefore partitioned into N sets, if these are mutually exclusive. To 

identify variables insuring this criterion, each generic factor was associated with one of four components 

representing the occupational situation and also with the level, at which this generic factor proved detrimental in the 

accident genesis. Indeed, accidents are phenomena whose origin and genesis lie in the operation of a specific system 

for producing goods or providing services, whose performance mechanism is recognized as complex (cf. e.g. 

Kjellen, 2000). So OAMD is here considered as a symptom of dysfunction of a system characterized by four 

interacting components (C1 to C4). Four levels in the accident genesis will be considered to distinguish disturbance 

in interacting components.  

 

The four components identified from the set of generic factors are:   

 C1, which represents the physical environment forming the injured worker’s surroundings: machine, 

machinery, hand tools, apparatus, equipment, workplace, wind, snow, protection equipment, etc.; 

 C2, which represents the injured worker’s activity; this can be described with varying degrees of 

refinement. It can be movement or posture as well as displacement or manipulation of a tool; 

 C3, which represents work organization; in this case materials provided,  implemented means of collective 

protection/prevention, training or interference between activities;  

 C4, which represents the injured worker; in this case experience in the workplace and unsteady operation 

due to a temporal context. 

 

The four levels derived from the logical combinations of OAMD generic factors (see Fig. 2) are listed below from 

the injury to the most upstream level in the accident genesis:  

 L1 represents the injury causing event  

 L2 represents the victim’s movement disturbance during the task, which can be conjoined with a factor 

expressing non-compliance with good working practice contributing to injury occurrence 

 L3 includes factors that have a direct impact on the movement performed in the accident causing situation. 

These factors provide a direct explanation of the movement disturbance 

 L4 includes factors that have an indirect impact on the movement performed in the accident causing 

situation. These factors provide an indirect explanation of the movement disturbance. Data is rarely 

assigned at this level.  
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Fig. 2. OAMD genesis levels 

 

 Table 1 gives the 9 variables (V1 to V9) and their possible states S.x.y, where x is the corresponding variable 

number and y is its state number. It shows for each state, the corresponding generic factor and the associated 

component and level. All variables are not observed for all accidents. Based on accident seriousness, the experts 

assumed that, if variables V3, V8 and V9 had contributed to injury occurrence, they should have been reported. So 

another state called “Nothing” will be added for the states of variables V3, V8, V9, which are henceforth considered 

as complete information.  

  

Table 1 

Variables (Var.) and their states. Each state corresponds to a generic factor, associated to a component (C1 to C4) 

and a level (L1 to L4), or to the state “Nothing”. The right-hand column provides the number of singular factors 

consolidated under each referred generic factor from the construction (Nconst) and metallurgical (Nmet) industries 

(cf. section 2.1.2).  

Var. Lev. C Comp. Variable states (corresponding generic factors)  Nconst/Nmet 

V1  L1 C1/C2 S.1.1: Moving heavy vehicle used in the workplace crushes victim  

S.1.2: Moving part of a machine, tool or device used in the workplace causes injury 

S.1.3: Element external to the victim (except a moving heavy vehicle and a moving part of a 
machine, tool or device) with which each contact results in injury: molten metal (zinc, aluminum), 

corrosive liquid (nitric acid), power component, tank of pasty wax  

S.1.4: Energy of victim’s disturbed movement and support, on which he is working (floor slab, 
platform, loose soil, gateway, staircase) cause injury  

S.1.5: Energy of victim’s disturbed movement and the item handled or worked by the victim or hand 

tool used by him cause injury 
S.1.6: Energy of victim’s disturbed movement and an element of the physical environment with 

which each contact does not systematically result in injury (except support on which he works, the 

element handled or worked by him and the manual tool used by him) cause injury  
 

13/4 

15/18 

0/5 
 

 

22/4 
 

6/16 

 
23/17 

V 2 L2 C2 S.2.1: Movement of worker (future victim) disturbed, when performing a simple displacement 

S.2.2: Movement of worker (future victim) disturbed, when handling or steadying a load, 
transporting a load/object, walking (or not) and using a handling device (or not)  

S.2.3 : Movement of worker (future victim) disturbed, when climbing up on, or down from, work 

equipment    
S. 2.4: Movement of worker (future victim) disturbed, when handling or manipulating an object/tool 

S.2.5: Movement of worker (future victim) disturbed, when waiting for or monitoring movement of a 

physical element or situation  
 

19/10 

11/8 
 

16/3 

 
27/42 

6/1 

V3 L2 C3 S.3.1: Activity performance without work equipment or when latter fails as required by regulations 

or good working practice  
S.3.2: Activity performance in absence of all protection/prevention conditions for the occupational 

situation (excluding work equipment) and required by regulations or good working practice 

(excluding work equipment-related conditions) 
S.3.3: Nothing 

 

9/16 

 
9/11 

V 4 L3 C2 S.4.1: Worker (future victim) in an unstable posture 
S.4.2: Worker (future victim) makes unusual or unsuitable displacement, including the decision to 

move or not, how to move or displacement conditions and route  

S.4.3: Worker (future victim) uses material or equipment in unusual or unsuitable way with respect to 
regulations or good working practice   

S.4.4: Worker (future victim)  performs an occasional activity not subsequent to an incident  

6/4 
12/3 

 

9/7 
 

8/10 

 

Level 4:  
Factors that  

explain 
indirectly the 

movement 
disturbance 

Level 3: 
Factors that  

explain 
directly the 
movement 
disturbance 

Level 2: 
Movement 
disturbance  

Level 1:  

Injury event 
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S.4.5: Worker (future victim)  performs a recovery activity subsequent to an incident or to avoid 

being injured 

S.4.6: Worker (future victim) exerts an effort or forces against an element which resists 
 

8/10 

 

10/11 

V 5 L3 C3 S.5.1: Current activity involves at least two operators working in coordination  

S.5.2: Current activity involves at least two operators working in improvisation 
S.5.3: Training or qualification for the position lacking, insufficient or ongoing – except for safety 

training  

 

16/7 

2/5 
6/2 

V6 L3 C4 S.6.1: Worker (future victim) has less than three months experience in the workplace 

S.6.2: Worker (future victim) operating unsteadily because of temporal context (start or end of shift) 

 

13/8 

4/2 

V 7 L3 C1 S.7.1:  Meteorological conditions make floor slippery 

S.7.2: Presence of a physical element and/or characteristic of the physical environment unrelated to, 

and impeding,  current activity of worker (future victim) – except for cases in which meteorological 
conditions make floor slippery)  

S.7.3: Characteristic of material used makes activity of worker (future victim) difficult or impossible 

S.7.4:  Presence of a physical element and/or characteristic of the physical environment (except for 
material used) related to, and impeding, current activity of the worker (future victim)   

 

7/0 

21/10 

 
 

19/13 

12/10 

V 8 L4 C1 S.8.1: Incident or accident involving physical environment disrupts current activity 
S.8.2: Nothing 

 

8/16 

V 9 L4 C3 S.9.1: Activity interferes in activity performed by worker (future victim) in a constraining way (or 
produces constraining elements) 

S.9.2: Nothing  

6/2 

2.2.2. BN model structure 

There are two ways of building a BN structure using either structure learning algorithms or expert knowledge. 

The first method requires extensive data. To implement it in our case, the amount of data required would have been 

at least 155,520 accidents. This number was calculated using the expression: 3*(∏     
   
   ), where |Vi| is the 

cardinality of the i
th 

variable. 150,000 observations were required instead of the 143 available. We therefore decided 

to use expert knowledge for building the BN structure, which was developed to embrace, at best, the 143 logical 

combinations of generic factors, including combinations formed by only three and those represented by more 

generic factors. A set of variables was proposed at each level of the structure illustrated in Figure 3, which can be 

considered as a “maximum structure”. In other words, several states for variables V4 to V7 were missing (no generic 

factor), when we encoded the 143 OAMDs based on this structure and, for the 143 OAMD cases, an accident is 

characterized by a number of generic factors that is less than the number of variables considered in the structure.  

The variable at Level 1 (V1), which expresses the injury causing event, has a logical relationship with the 

variables at Level 2 (V2 and V3), which expresses the victim’s movement disturbance during the task and non-

compliance with good working practice contributing to injury respectively. V2 has all the variables at Level 3 as 

parents. The victim’s movement disturbance during the task can, for example, be caused by a variable related to the 

physical environment (V7), to any other variable at Level 3  (V4 to V6) or to a conjunction  of two, three or four of 

these variables (V4 to V7).   

The variables at Level 4 have all variables at Level 3 as children, which means that, if there is a technical incident 

factor (S.8.1) for example, this can cause unstable posture of the injured worker (S.4.1) or any other possible 

variable state or a conjunction of variable states at Level 3 (V4 to V7). 

Thus, each injury is the outcome of a set of variable states forming a specific configuration, based on the structure 

illustrated in Figure 3. 
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Fig. 3.   OAMD Bayesian network structure. 

 

2.2.3. BN Inference 

The structure of the BN corresponds to its qualitative aspect, while the inference in BN corresponds to the 

quantitative aspect which consists of computing probabilistic queries, taking into account all factors contributing to 

the occurrence of accidents. A junction tree inference engine (Jensen et al., 1990) was applied in this study in two 

steps. The first one consists in using graph theory to transform the initial graphical structure of the BN into a 

specific graphical entity called the junction tree. In the second step, the junction tree is used as a channel to transmit 

and propagate the effect of observations. For a BN, junction tree T consists of p cliques, say C1, . . . , Cp and p − 1 

separators, say S1, . . . , Sp−1. The cliques correspond to a fully connected subset of nodes. The separators contain 

the information shared by a pair of adjacent cliques. The junction tree has a remarkable advantage, from the 

distributed computing point of view, because in theory it can easily be split into different parts. The probability 

function f of the discrete variables x is defined as: 

 

 
     

∏          

∏          
 

(1)  

 

where aC  and bS are known non-negative real functions. Any non-negative function, which can be represented in the 

form of Equation 1 will be said to factorize on T (Nilsson, 1998).  

Jensen et al. (1990) propose a schedule consisting of two phases for the junction tree algorithm. They select an 

arbitrary clique C1 as the ‘root-clique’. An initial collection phase involving the passage of active flows only along 

edges towards C1 is followed by a distribution phase in which, starting from C1, active flows are passed back 

towards the periphery. The message-passing protocol ensures that a clique can only send a message to a neighboring 

clique when it has received messages from all of its neighbors. After message passing, the potentials in the cliques 

are equal to the marginal probability of the nodes in the clique (given the evidence). 

Level 4 Level 3 Level 2 Level 1 

V7 

 

V2 V1 

V6 

 

V5 

 

V4 

 

V9 

 

V8 

 

V3 
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2.2.4.  “Learning” the BN parameters 

Bayesian model parameters (i.e. conditional probabilities) can be estimated, when the BN structure has been 

created and the states of variables can be obtained from the accident data. This is called parameter estimation or 

“learning” (Little and Rubin, 1997; Jensen and Nielsen, 2007). The Expectation–Maximization (EM) algorithm was 

used for this purpose. The EM algorithm (Lauritzen, 1995; Jensen and Nielsen, 2007) is a general approach for 

finding maximum-likelihood estimates for a set of parameters  , when researchers have an incomplete data set. The 

EM algorithm begins by randomly assigning a configuration h0 to ht when the algorithm is used in parameter 

learning, based on an outcome ht after t iterations. 

2.3. Scenario extraction approach  

After building the BN model for the 143 serious OAMDs studied, the next crucial step was to extract recurrent 

scenarios, considering that certain variable states combinations were common to several accidents. OAMD 

clustering will group accidents based on these common patterns. Then, each of these patterns may be considered as 

the common part of a probable generic accident which is called recurrent scenario. The proposed approach to 

achieving this objective involves two steps, the first being a clustering process to gather similar accidents and the 

second being a scenario extraction from each cluster using the Most Probable Explanation (MPE).  

As stated in Section 2.2.2, the OAMD model structure is considered as a “maximum structure” embracing all 

logical combinations of OAMD variable states. Several variable states are therefore missing in each accident for 

variables V4 to V7. Data are considered along with these missing values for clustering purposes. However, when 

calculating the MPE for each cluster, the state “nothing” has been added to the states sets of variables V4 to V7. In 

the BN model, this additional state, called “Nothing” or “False”, means that this variable did not contribute to the 

occurrence of the OAMD in question. If the missing states had been considered in estimating the MPE, the extracted 

scenario would provide a state for each variable; i.e. the obtained scenario would contain 9 variable states that would 

not reflect the used data.  

2.3.1. Clustering 

The purpose of the clustering step is to group the OAMDs into “similarity” classes taking into account both 

variable states occurrence and the pattern they take for each accident. The number of clusters being unknown, the 

proposed clustering method is based on adding a node C to the structure illustrated in Figure 3. The cardinality of 

this node corresponds to the number of clusters. Our aim being to extract patterns focusing on factors explaining 

movement disturbances, node C will be linked to the 4 variables at Level 3, i.e. variables explaining directly 

movement disturbance (cf. Fig. 2). Indeed, different injury events (V1) caused by different movement disturbances 

(V2) could be explained by similar generic factors combinations (V4 to V9 combined) (Leclercq et al., 2007).  

A learning step with hidden variable (node C) should therefore be performed. The proposed model M = (m, θ) is 

a BN with variables X1, . . . , Xn; n=9,  if (1) structure m corresponds to a directed acyclic graph with nodes  X1, . . . , 

Xn  and (2) parameters θ consist of probability distributions PM (Xi|pa(Xi)), i =1, . . . , n, where pa(X) is a set of 

parents of X in m. Then PM (X1, . . . , Xn) = ∏       
 
           . The model gives a “soft” classification of d 

(OAMD). That is, d belongs to each class    with probability: 

 

 
        

            

    
 

(2)  

 

 

 

where cl specifies the state of the hidden variable (also called a latent class) (Õna et al., 2013). 

For given data D, we therefore need to determine the optimal cardinality of the hidden variable and the model 

parameters. This is done by learning parameters for different cardinality of the hidden variable (|C|) and then 

selecting the |C| that gives the best model based on some criterion (e.g. the Bayesian Information Criterion (BIC) 

score or the maximization likelihood). The optimal cardinality corresponds to the number of clusters providing the 

best separation between classes. In our study, we used the BIC (Raftery, 1986) to identify the model that adjusts best 

to the observations. In clustering contexts, the BIC performs better than other criteria (Biernacki and Govaert, 1999). 

Generally, the BIC is well suited to analyzing small samples because it is more sparing and adapts better to this kind 
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of data. The lower the BIC score, the better the model. Depaire et al. (2008) and Oña et al. (2013) may be referred to 

for further information on clustering using a BN.  

2.3.2. Most Probable Explanation 

After the clustering step, each accident is associated to one of the |C| clusters. For each cluster, a structure 

derived from the one on figure 3 has been considered to estimate the parameters as accurately as possible. Variables 

cardinalities have been reduced to take into account only the states appearing in the cluster for each variable.  

A recurrent scenario is considered the most probable configuration of variable states for each cluster. This can be 

thought of as providing a plausible “explanation” for the observations in a cluster and is called a Most Probable 

Explanation or MPE (Nilsson, 1998; Cowell et al., 1999). A MPE in a BN is the complete variable instantiation with 

the highest probability given current evidence (Pearl, 1988).   

An important point concerning the chosen algorithm (MPE) is that it does not intuitively accept the most likely 

state for a given variable, but makes a decision based on the entire sequence of variable states, favouring here the 

links between them. Thus, a particularly “unlikely” variable state midway through the sequence will not matter, 

provided the overall context of the data observed is reasonable. These aspects connected to MPE algorithm have 

been analyzed in depth in other research fields, such as medical diagnosis (Lucas et al., 2000) or economic processes 

(Demirer et al., 2006). 

The junction tree algorithm becomes an MPE algorithm by replacing the sum (sum-marginalization) by the 

maximum (max-marginalization) in the propagation algorithm. The junction tree guarantees the existence of a 

configuration ν. Furthermore, ν maximizes f since the max-marginal charge is a representation for f (Nilsson, 1998), 

such that 

 

 
     

∏  ̂        

∏  ̂        
      

(3)  

 

This complete observation v is a scenario representative of the most probable variable states combination among a 

set of similar accidents. It is considered the recurrent scenario in this case. 

 

3. Results and Discussion  

3.1. Clustering step 

Figure 4 shows the fall in the BIC score based on the number of clusters considered from the 143 OAMD 

accounts. Increasing the number of clusters reduces the BIC values, but a higher number of clusters implies a higher 

degree of complexity. From a practical point of view, a marginal improvement in statistical fit is not that useful, 

when a much higher degree of complexity is introduced.  

In the literature, Depaire et al. (2008) selected the model, in which the BIC and the CAIC showed virtually no 

further improvement. Scheier et al. (2008) chose a model, in which the differences between two successive values of 

the BIC or the CAIC were less than 1%. Taking inspiration from the literature, 8 clusters were chosen in our 

research as a compromise between statistical fit and clustering structure complexity. Indeed the difference between 

BIC values for the 8
th

 and the 9
th

 estimated models is less than 1%. 
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Fig. 4.  BIC score according to the class cardinality  

 

Figure 5 depicts the OAMD BN proposed for the clustering step. It is composed of the 9 variables shown in 

Figure 3 and the node C defined by 8 states. It becomes a valuable estimating tool, once the network has been 

structured and the distribution parameters have been learnt. Each accident characterized by the 9 variables is 

considered an observation, for which the marginal probability of the node C is calculated.   

 

 

Fig. 5.  Estimated occurrence probability of each variable states based on survey data 

 

The percentage of OAMDs, which occurred in each activity sector, is shown in Table 2 for each of the 8 clusters. 

These percentages are variable.  Two clusters out of eight are even from one sector only. This means that the generic 

factor combinations are more or less frequent in relation to serious OAMDs in each sector. If we examine the 
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distribution of generic factors among the OAMDs studied (cf. Table 1), we observe that most of these factors are 

shared by both sectors. However the number of singular factors from each sector (Nconst and Nmet from 

construction and metallurgical sectors respectively) consolidated under a generic factor was more or less important 

depending on the generic factor. Two factors are specific to one sector, namely S.7.1 and S.1.3. The level of 

generality applied (e.g., the same “claw hammer” object can be expressed by “hammer”, “hand tool” or “tool” with 

increasing levels of generality) sometimes prevented emergence of a generic factor specific to an occupational 

sector. The level of generality is especially determined by the minimum number of singular factors (5) consolidated 

under a generic factor, from which this generic factor is selected. This sometimes leads to consolidating several 

generic factors under a higher level of generality heading, which lead to a combination of a number of generic 

factors, one of which may be specific to a sector.   

3.2. Scenario extraction step 

For each cluster, a learning step was repeated to update the parameters of the associated model and to derive the 

MPE. Figure 6 illustrates MPE results for cluster 2. The variable states retained are displayed as black bars. We note 

that the black bars do not correspond systematically to the probability maximum. The aim of MPE method is to 

favor the observation that maximizes the flow of information in the network, but not each variable separately. State 

S.2.1 is the third that involves occurrence of variable V2. This was observed more frequently with the combination 

S.4.2, S.7.2 and S.9.1 for variables V4, V7 and V9 respectively. Moreover, we note that all transitions between 

variables have been observed, except for the transition between V2 and V1. Among the 27 accidents in Cluster 2, the 

injury causing fact in this scenario (S.1.2) never follows the movement disturbance (S.2.1) in the scenario (see Table 

2 and Fig. 7). The same phenomenon was noted with scenarios 6 and 7 for variables V1 and V2. Observing all 

clusters reveals that clusters 2, 6 and 7 feature two different configurations emerging from each cluster. This 

highlights the non-uniformity of the OAMDs in these clusters, which has affected MPE calculation. The most 

probable explanation (Nilsson, 1998) would therefore be explored in future work.  

 

 
 

Fig. 6. Example of retained factors (black bars) for cluster 2 after parameter learning 

 

The state “nothing” has been added for the variables V4 to V7 when evaluating MPE. This state is very frequent 

in the observed data. So accident scenarios can reveal it even if another state (a generic factor) is observed several 

times in the corresponding cluster. In this sense, the extracted scenarios reflect the data used, when the observed 
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accident factors combinations involve less than 9 factors. We in fact calculated the MPE assuming complete data to 

obtain an estimate, which reflects the OAMD observations used (cf. Section 2.3.).   

Table 2 consolidates results for the 8 scenarios, each of which is specifically characterized by both its title and its 

variable states structure. Only the outcome states corresponding to generic factors, i.e. without showing the state 

“Nothing” are displayed. Each state is placed in the tree at the position of its variable in the structure (see Fig. 3). 

 

Table 2 

Summary of results for extracted scenarios. (%const_%met) is % of OAMDs from construction and metallurgy 

sectors respectively, contained in each cluster. Arrows have been crossed when the corresponding transition has not 

been observed in the cluster concerned. 

Scenario 
number 

%Const_%Met Scenario heading Variable states combination  

1 14% - 19% Exerting an effort against an element which 

resists 

 

  

2 25% - 11% An element which is a product of activities 

other than that performed by the victim 
impedes his activity 

 
 

3 4% - 0% When climbing up on, or down from,  work 

equipment 

 
 

4 15% - 11% A moving heavy vehicle crushes the victim  

on the ground because his movement has 

been disturbed while handling an object with 
a colleague 

 
 

5 0% - 11% Following a technical incident, movement of 

an operator manipulating a tool is disturbed,  
the tool thereby causing injury 

 

 

6 8% - 1% Following a technical incident, movement of 

an operator who is climbing up on, or down 
from, work equipment is disturbed 

 

 

7 15% - 12% When walking, an operator stumbles against 

an obstacle not involved in his activity 

 
 

8 19% - 34% An operator is burned by a corrosive liquid 

after his movement was disturbed when 

handling an object 

 
 

  

Scenario 2, illustrated in Figure 7, is the only one containing a conjunction of two generic factors, although 

conjunctions of at least two generic factors occur in 42 of the 143 OAMDs just before movement disturbance. These 

conjunctions clearly provide a more accurate explanation of the movement disturbance than chains of factors. The 

variety of injury-causing situations in the data makes it difficult to prompt emergence of similar conjunctions.  

This scenario highlights the fact that obstruction to movement in an occupational situation is not always a permanent 

factor but can be the result of an activity different to the activity performed by the victim. In many other cases of 

OAMDs, physical elements or characteristics of the physical environment impeding the victim’s current activity are 

related to this activity (cf. Table 1). In both cases, it is clear that prevention cannot simply provide a general 

recommendation to "remove obstructions to displacement".  

The unusual or unsuitable displacement referred to in this scenario raises questions on the reasons underlying it 

and this effectively highlights the lack of useful information for understanding accidents in many narrative texts. 

Going back to the 143 texts, we can provide an explanation in some cases: an incident, a characteristic of the 

material used, information given to the worker or worker experience. This scenario corresponds to any of the 27 

OAMDs in cluster 2: we find factor combination S.9.1/S.7.2 /S.4.2 and S.2.1 in one case, combination S.9.1/S.7.2 

/S.2.1 in three cases and the state “nothing” in all cases except one for V6 and V8. 

 

S.1.3 S.2.4 

S.1.5 S.7.2 S.2.1 

S.1.1 S.5.1 S.2.2 

S.1.4 S.7.2 S.2.3 

S.1.4 S.4.6 S.2.4 

S.1.2 S.8.1 S.4.5 S.2.4 

S.1.2 S.8.1 S.4.5 S.2.3 

S.2.1 

S.9.1 S.7.2 

S.4.2 

S.1.2 X 

X 

X 
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Fig. 7. Scenario 2 - An element, which is a product of activities other than that performed by the victim, impedes his 

activity 

 

 

Scenario 5, shown in Figure 8, is one of the deeper scenarios, in which an incident disrupts an activity and leads 

to the injury. The scenario occurs only in metallurgy (11% of OAMDs from this sector) and corresponds to 2 of the 

7 OAMDs in Cluster 5, in which we find combination S.8.1/S.4.5 and S.2.4 in 3 cases and the state “nothing” in all 

cases except one for V9. 

 

 

 

 

 

 

 

Fig. 8. Scenario 5 - Following a technical incident, movement of an operator manipulating a tool is 

disturbed, the tool thereby causing injury 
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Scenario 7, illustrated in Figure 9, recalls the most common representation of accidents with movement 

disturbance: a person who walks slips or trips and then falls. However, it was extracted from only 20 OAMDs out of 

the 143. Amongst the 20 accidents in the cluster, the injury causing fact in this scenario never follows the movement 

disturbance generic factor in the scenario. The most frequent injury causing factor in Cluster 7 is S.1.6 (cf. Table 1), 

which is more consistent with the common representation of this type of accident. This important aspect of the 

results, involving to the methodology, has been discussed earlier. The scenario corresponds to any of the 20 OAMDs 

in the cluster, in which we find combination S.7.2, and S.2.1 in 7 cases and the state “nothing” in all cases except 

one for V9. 

 

 

 

 

 

 

 

Fig. 9. Scenario 7 - When walking, an operator stumbles against an obstacle not involved in his activity 

 

Scenario 8, illustrated in Figure 10, is the shortest scenario in terms of the number of generic factors and can be 

explained by the highest number of accidents in Cluster 8, i.e. greatest variety of injury-causing situations, which 

make it difficult to prompt emergence of multiple similar factors. Consequently, the state “Nothing” appears here to 

be the most frequent one in the scenario. 42 OAMDs (amongst 64) and 27 (amongst 79) occurred when handling or 

manipulating an object or a tool in the metallurgy and construction sectors respectively. This scenario corresponds 

to 1 of the 37 OAMDs in the cluster, in which we find the state “nothing” in all cases for V8 and V9. 

 

 

 

 

 

 

Fig. 10. Scenario 8 - An operator is burned by a corrosive liquid after his movement was disturbed when 

handling an object 

 

 

 

The results of our study provide a description of the variety of circumstances, in which serious OAMDs occur. 

The eight extracted scenarios reflect accident narrative texts in the construction and metallurgy sectors. Two out of 

the 30 generic factors are specific to one sector and two of the eight extracted scenarios are specific to one sector 

only. The diversity of activities and companies in the data used and the low number of narrative texts in relation to 

this diversity make it more difficult to extract recurrent scenarios. Derived scenarios are most probable scenarios 

among accidents consolidated into the same class, so they could be considered similar. 

Scenarios 2, 5 and 6 highlight the impact of technical incidents, accidents and coactivity respectively in the 

OAMD occurrence, a connection that is rarely made in the literature for OAMDs.  

The derived scenarios differ from those referred to in the introduction, which were empirically extracted 

(Leclercq and Thouy, 2004; Leclercq et al., 2007). In these earlier studies, extracted accident factor combinations 

were common to a set of accidents considered accordingly as a cluster. In the present study, the clustering step can 

only precede the accident factor combination extraction. It is noted that each combination is partly shared by most, 
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or several, accidents in the cluster. Factors additional to this shared combination are more or less frequent in the 

cluster. Several reasons can explain the differences between empirical scenarios and the results of the current work: 

 In this study, the accidents analyzed occurred at different companies in two sectors, whereas in the 

previous study, accidents occurred at only one multitrade company 

 In this study, information explaining the accidents was extracted from narrative texts, whereas in the 

previous study, information was extracted from accident analysis and task analysis 

 In this study, all accidents analyzed were clustered into classes, whereas in the previous study, some 

accidents were consolidated based on their similarities, while others were left out. 

 

Scenarios derived in this study would therefore be more consistent with the definition provided by Khan and  

Abbasi (2002, p. 468) that “A scenario is neither a specific situation, nor a specific event, but a description of a 

typical situation that covers a set of possible events or situations” than with the recurrent scenarios extracted 

empirically by Leclercq et al. (2007). However, if the extracted scenarios are not recurrent scenarios, the authors 

formulate the hypothesis that this puts into question more the data uniformity than the MPE method used. Finally, 

the uniformity and richness of the accident analysis results would enable us to enhance the accuracy, richness and 

recurrence of scenarios. While knowledge of different types of injury-causing accident factor is helpful for 

prevention, knowledge of recurrent combinations of factors is itself required for identifying OAMD-causing 

situations. In these accident cases, the related risk does not always involve an element with which contact invariably 

causes injury, such as high voltage. This knowledge helps in identifying actions which should be performed in 

priority in relation to preventing frequent accidents involving all workers, without exception. 

 

4. Conclusions and Future Research 

This paper describes a probabilistic approach to extracting recurrent scenarios from serious Occupational 

Accidents with Movement Disturbance (OAMDs). Analysis of this type of accident is often limited to factors close 

to the injury in the accident genesis. However, the causality of such accidents, indeed of any occupational accident, 

originates in a specific production activity context. A fundamental notion in this study is the representation of 

accidents by combinations of factors, rather than by isolated factors in order to characterize more closely accident-

causing situations. Such combinations, common to several accidents, have been empirically identified at companies 

and are considered to be recurrent scenarios. In relation to preventing frequent accidents involving all workers, 

without exception, the mere fact that several factors contribute to the occurrence of the vast majority of such 

accidents is insufficient for characterizing risk situations. Their reconstitution, in the form of recurrent scenarios, is 

essential to more effective prevention. 

The proposed approach focuses on identifying factor combinations common to several accidents extracted from 

narrative text. It comprises four parts: a necessary initial coding step to extract relevant information from text data. 

Each accident narrative text is coded by logically combining generic factors inspired by the INRS model (Monteau, 

1997). It should be noted that this coding step is very time consuming for experts and could not be performed on a 

large data set. A Bayesian Network (BN)-based model is then built for OAMDs using expert knowledge and data 

extracted from 143 narrative texts, which combine qualitative and quantitative aspects of the relevant knowledge. 

Following these initial steps, the key step in our work involves clustering OAMDs into “similarity” classes taking 

into account both the generic factors occurrence and pattern. Finally, the Most Probable Explanation (MPE) is 

derived for each cluster.  

Expert knowledge is therefore the essential foundation of the two initial steps in order to make up the small 

sample used. Consequently, validity of the identified scenarios could be confirmed by adopting BN structure 

learning process. This would require the use of many more cases of serious OAMDs. Moreover, these cases should 

be characterized not only by factors describing the injuries but also by factors explaining movement disturbances. In 

a context where these accidents are rarely analyzed in depth, this is a real difficulty. We successfully used a BN to 

represent OAMDs and extract OAMDs scenarios. Scenario richness depends on the depth of analysis, the uniformity 

of circumstances, in which accidents occur, and the level of generality of the generic factors. The results of our 

study are useful in the prevention field on the one hand for generating company awareness of the variety of 

circumstances, in which these accidents occur, and, on the other hand, for developing an analysis framework 
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dedicated to this type of accident. The analysis levels defined here could be useful for developing such a framework 

which could also be used to get homogeneous data on OAMDs and so more precise scenarios.  

The present work allowed us to answer the issue stated in the introduction “Is it possible to extract recurrent 

scenarios from a set of serious OAMD narrative texts”? Two occupational sectors have been considered here, based 

on the hypothesis according to which generic factors and genesis of this kind of accidents may be different in 

different activity sectors. The results support this hypothesis. Nevertheless, they may be even less generalizable to 

all OAMDs that only particularly serious OAMDs occurred in two sectors have been analyzed. 

In the future, logical combinations of generic factors derived from accidents analyzed more deeply and 

containing less missing values, may enable the dynamic BN to be used to obtain a more accurate, comprehensive 

representation of OAMD genesis based on the model’s dynamic aspect. This characteristic allows us to repeat the 

same structure in different slices, when OAMD representation may be considered in levels and slices. In other 

words, these slices could enable us to consider sequences of factors (or of conjunctions of factors) instead of just one 

factor (or conjunction of factors) at the same level of the OAMD model. Moreover, other improvement could be 

considered in the process such as the cross-validation for the assessment of the model accuracy. 

Lastly, this study takes into account the factors, considered by three experts as having had a role in accidents 

occurrence. What about the strength of the link between them? Causal relationships are indisputable between some 

of them, especially technical factors. For example, there is no doubt a slippery floor caused a slipping when accident 

analysis revealed a link between these two facts. However a slippery floor is not enough to lead to a slipping. 

Individual factors such as tiredness, experience or organizational factors leading to precipitation for example can 

combine with a slippery floor to cause the slipping. Even if most often technical component cannot be the only 

cause of movement disturbance, it is not possible to offer evidence for causal relationships among factors when 

individual or organizational factors are involved. The idea here is to search for recurrent combinations of factors of 

different nature. More often the involvement of individual and organizational factors in such combinations, more 

strong the “causal” link between them and other factors.  
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