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proactive safety measures requires the identification of root causes and, therefore, warrants 
in-depth analysis of these near-miss incidents. Effective root-cause management is crucial to 
avoid these incidents and improve overall safety. However, identifying root causes from the 
raw text-based near-miss incident reports is challenging because they are unstructured. To 
this purpose, we provide a methodology that combines text mining and Bayesian Networks 
to identify root causes and develop a casual knowledge model. The developed model has 
been used to analyse seven near-miss incident scenarios for validation. The findings indicate 
that incidents are more likely to occur due to factors such as defective switches or cables, 
poor stair or floor conditions, damaged wires, ropes, or slings, unsafe crane operations, 
malfunctioning valves or hoses, and the involvement of heavy vehicles like trucks and 
dumpers during loading or transportation activities. This work contributes to dealing with 
narrative text data and raising the organisation’s awareness of various circumstances in 
which these incidents occur.

Subject Classification:  Primary 68T50, Secondary 62F15.

Keywords: Near-miss, Bayesian network, Word cloud, Visualization, Text mining, Safety, Steel plant.

1.  Introduction

Industrial accidents can cause loss of human capital, including 
competencies, knowledge, creativity, etc., and economic, production, and 
technology damage. While earlier studies in the field of safety management 
primarily concentrated on examining and interpreting past accident data 
[1][2][3][4], recently research trends shifted toward preventive approaches 
to enhance employee protection and strengthening organizational safety 
culture. From managerial standpoint, there is growing recognition of the 
need for adopting proactive/leading safety indicators (e.g. near-miss 
incidents) as more effective tool that than traditional lagging indicators 
(i.e. accident data). Analysis of near-miss incident data combined with 
expert opinion can guide decision-makers to take necessary steps to 
ensure enhanced safety management in organizations. 

Schaaf in 1992 [5] defined a near-miss incident as any potential 
incident detected, diagnosed, and corrected accurately in time without 
causing any actual consequence (accident). Occupational Safety and 
Health Administration (OSHA) describes near-miss as “incidents where 
no property was damaged and no personal injury sustained, but where, 
given a slight shift in time or position, damage and/or injury easily could 
have occurred”. Additionally, unsafe behaviour or conditions have been 
categorised as near-miss events [6][7]. Furthermore, near-miss incidents 
have been identified as practical as they provide an opportunity to 
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undertake proactive measures to improve environmental, health, and 
safety practices, which can lead to severe consequences if neglected [6]. 

To understand a near-miss incident, consider a scenario where a 
worker crosses a conveyor belt, carries crushed coke in idle condition, and 
suddenly starts moving (dangerous occurrence). There can be three 
possible scenarios: first, an accident scenario where the worker slips and 
falls; second, a near-miss scenario (involving chance factor), with the 
worker managing to cross the belt before it starts moving; and third, 
another near-miss scenario (due to management guidelines), where the 
worker recalls that crossing the conveyor belt was prohibited and restrains.

The traditional safety management approach entails detailed analysis 
of accident and injury data to unearth their root causes and guide 
operational changes in the workplace. However, these incidents are rare; 
as a result, extracting useful information that can be transformed into 
actionable inputs becomes challenging. Unlike this, the frequency of near-
miss incidents is substantially high [6][8][9], thus making it effective for 
quantitative prediction models. Also, note that near-miss incident reports 
contain information similar to the accident reporting process. Moreover, 
using near-miss incident data (a pseudo-leading indicator of an 
organisation’s safety performance) enables the decision-maker to develop 
proactive measures. For example, Phimister et al. [6] and Schaaf [5] showed 
that industries that collect more near-miss incidents are safer than 
industries that don’t.

Hence, it is essential to encourage employees to report near-miss 
indents to their supervisors using various reporting modes such as 
written, verbal, or electronic forms. After disclosing the incident, it should 
be resolved effectively and timely so that the reoccurrence of the same 
could be avoided. Other than finding the root cause, taking corrective 
action, and following up, there is a need to find the mapping between a 
near-miss incident and actual injury cases, predict future incidents, and 
then apply an appropriate mitigation approach. 

A quantitative evaluation of near-miss occurrences is crucial because 
these event may escalate into serious accidents if proper control measures 
or preventive constraints are not applied in time. A successful assessment 
can provide the consequences of such failures and recommend 
prioritization strategies for capital and human resource spending. 
Prioritized near-miss incidents are identified as having more potential for 
developing into accidents [10]. The prioritized incidents require further 
investigation, possibly by adding new safeguards or making existing ones 
more reliable or robust. This study aims to investigate the potential of 
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near-miss incidents reported in the safety management system of the steel 
plant due to the complex, diverse and hazardous nature of tasks and 
working environment. The workforce of the steel plant is also diverse in 
terms of training and safety culture because it is a mixture of permanent 
and contractual workers. To achieve this objective, both structured and 
narrative text data were examined using Bayesian network (BN) analysis 
to gain deeper insights into the factors contributing to incidents. Text 
mining is used to find the factors behind the primary causes logged onto 
the system by examining the narrative text because it provides qualitative 
insight into the incident process. It will give the prior probability of the 
causal factors feeding in BN to find probabilistic relationships among 
different aspects. The developed framework has been implemented to 
prioritize the underlying causes associated with near-miss cases. 
Techniques are used for overall prioritization of near-miss reporting status, 
considering the data of April 2010 - Dec 2013 to support decision-making 
for safety and budget allocation to mitigate the causes for safety 
performance improvement.

The structure of the remaining paper is as follows: Section 2 presents 
the literature review. Methodology, data collected from the industry and 
selection of factor is discussed in Section 3. Employed techniques, word 
cloud and Bayesian network are also discussed in Section 3. Section 4 
outlines the outcomes obtained from the model along with their practical 
implications, while Section 5 summarizes the conclusions of the study and 
highlights its limitations.

2. Literature review

Research on near-miss management remains at nascent stage, with 
numerous challenges, and opportunities for development and structuring. 
The first and most comprehensive study on near-miss management was 
conducted by Schaaf [5]. The thesis presents a comprehensive framework 
for (1) classifying near misses, (2) analyzing near-miss reports, and (3) 
implementing recommendations derived from near-miss incident analysis. 
Phimister et al. [6] proposed a reference framework for designing a near-
miss management system. Oktem, Wong, and Oktem [11] also presented a 
model for creating a near-miss management system. This model outlines 
various stages, starting with identifying the near-miss incident and ending 
with implementing a solution to prevent near misses. Gnoni et al. [12] 
introduced a similar modelling approach that leverages lean thinking. All 
of these researchers focused on two main areas: firstly, ensuring accurate 
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documentation of near-miss accidents, and secondly, analyzing near-miss 
events to gain a deeper understanding of the reported data. A well-
structured database was required to capture the underlying reasons 
behind various types of occurrences.

Basso et al. [13] developed a database system for incident investigation 
designed to record the causes of specific incidents and the subsequent 
corrective actions. This framework enables the monitoring of safety 
management system performance. Nivolianitou et al. [14] also 
demonstrated the creation of a database design to record the reasons and 
factors contributing to incidents, accidents, and near-miss events in the 
petrochemical industry. This database aims to assist users in conducting 
statistical analyses. The incident databases assist in classifying incidents 
such as occupational incidents, process incidents, operational incidents, 
and near misses, as well as creating safety indicators. The shortcomings of 
incident reporting databases in accurately capturing both the quality and 
the quantity of information have been addressed by Schaaf and Kanse 
[15]. Efforts have been made in the construction sector to establish a system 
for reporting and analyzing near misses, identifying patterns, and tracking 
incidents in real time [16][17][18][19]. The influence of near-miss events on 
future decision-making of organization managers to improve safety 
performance was thoroughly studied by Dillon & Tinsley [20]. Therefore, 
it is crucial to learn from the analysis of near-miss data and prioritize the 
main causal factors behind near-miss incidents.

The significance of analyzing data on near-miss incidents for 
enhancing safety inside the organization was studied [21][22][23], and an 
inverse relationship between near-misses and accident occurrences was 
found. However, near-miss incidences were classified as a successful 
outcome in their research. This viewpoint was challenged by Dillon and 
Tinsley [20], who claimed that near-miss events should be seen as failures 
to promote risk reduction. Gnoni and Lettera [24] proposed a methodology 
for assessing the potential risk of near-miss incidents using matrices and 
indices. The advantages and drawbacks of both approaches were also 
highlighted. Dee, Cox, and Ogle [25] proposed a game theory approach to 
assess risk perception using data on near-miss events. They also assigned 
a value to these events to incentivize top management to take steps to 
reduce hazards.

Bayesian auto-coding approaches have been utilized in the fire service 
industry to reduce the manual coding needed for large descriptive datasets 
of near-miss data [26]. BN can integrate historical data from the incident 
database with the expertise of professionals. The algorithm can provide 
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precise and computationally efficient estimations for massive datasets [27]
[28]. Neil, Fenton, and Tailor [29] found that it has the potential to enhance 
the precision of the model. In their study, Bier and Mosleh [30] utilized a 
probabilistic model to assess near-miss incidents in nuclear plants. They 
concluded that when making decisions about the frequency of accidents 
in an organization, near-miss events should be given more significant 
consideration than experts’ claims. Data on accident precursors have been 
utilized to predict aberrant occurrences (such as near-misses, incidents, 
and accidents) at chemical plants [31]. 

The formulation of project risk management in the Korean ship 
industry was facilitated by using Bayesian Networks (BN). The primary 
hazards associated with the projects include modifications to the design, 
availability of design personnel, procurement of raw materials, and 
fluctuations in exchange rates. Within medium-sized shipbuilding 
enterprises, the primary risks are related to adhering to the designated 
timeline and budget. Conversely, in larger companies, the challenge lies in 
minimizing the risk of dissatisfaction with the specifications [32]. A 
previous study evaluated and ranked the risks associated with water main 
failures using a Bayesian belief network (BBN) model [33]. The BBN 
framework has further been employed to prioritize various situations 
using weighted scores derived from expert opinions. Recently, researchers 
have integrated the Bayesian network with analytic hierarchy process 
(AHP) to identify the importance of factors contributing to near-miss 
incidents [34][35]. In these studies, the prior probabilities of the factors 
were determined based on the expert evaluation. Experts are often scarce 
in most sectors. Additionally, it is advisable to incorporate the near-miss 
incidences reported by organization personnel.

There is a dearth of studies on the near-miss management of an 
integrated steel plant. The steel industry is more complex and diverse 
because it combines processes, workplaces, and construction-related 
factors [36]. Our study incorporates inputs from all the workers who 
logged the incident rather than relying solely on the expert judgements to 
define prior probabilities in Bayesian network. Insights from the industry 
visits and discussions with senior management revealed several common 
challenges in incident prioritization: (a) time and labour cost, (b) the 
absence of effective tools to distinguished between high and low priority 
incidents, (c) sometimes report does not reach to relevant experts due to 
incomplete reporting, and (d) inadequate understanding of the specific 
incidents.
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3. Methodology

Building a Bayesian Network (BN) is a highly intricate approach to 
problem-solving, with its network topology tailored to the individual 
problem at hand. This study creates BN hierarchies using text-mining 
concepts and converting the identified components into a BN framework. 
The conceptual framework of this study illustrated in Figure 1, integrates 
qualitative and quantitative aspects derived from earlier studies. The 
network structure of a Bayesian Network (BN) is considered the qualitative 
aspect since it focuses on detecting event factors. On the other hand, 
assessing the probability of these factors and making inferences from the 
network is considered the quantitative aspect. The work incorporated 
expert experiences and data to establish meaningful extra relationships 
between BN nodes in the model. The factors, or root causes, are determined 
by applying text mining techniques to the narrative text and categorizing 
them as coded primary causes. Multiple components can sometimes be 
shared among coded primary causes, which can only be derived from 
unstructured text. The components were derived from the word cloud by 
utilizing expert opinion, taking into account the root cause’s role in the 

Figure 1
Conceptual framework of the study
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occurrence of the incident. The prior probability for each factor is estimated 
by calculating its occurrence frequency within event reports linked to the 
corresponding primary cause. Each factor is considered only once per 
incident report. To establish the cause-effect relationship among the 
dependent nodes in a Bayesian Network (BN), conditional probabilities 
are then computed based on the prior probabilities of the root causes. 
Subsequently, hypothetical evidence is examined to determine the impact 
on the Bayesian Network when no identifiable root cause exists. Scenarios 
were created to determine the primary underlying factors most impacted.

3.1 Case-study

Efficient safety management is a necessity. The organization under 
consideration in this study comprises seven primary divisions: Coke, 
Sinter and Iron Division, Steel Making Division, Wire Making Division, 
Raw Material Handling Division, Maintenance Division, Operations 
Division, and Administration Division. The steel plant has implemented 
an intranet-based safety management system (SMS) to enhance safety 
performance and ensure accessibility throughout the organization’s local 
network. The plant gathers information about safety performance through 
incident investigation reports using this online system. Incident 
investigation data  includes information about near-miss incidents, 
injuries, and property damage. There is currently no database specifically 
designed to record near-miss incidents. Verma et al. [1] briefly outlined 
the comprehensive data-gathering process. Near-miss data are collected 
using two different methods. In the first approach, regular employees 
document incidents directly in the SMS. In the second approach, contractor 
supervisors record near-miss incident manually on standardized paper 
template. The digital version of each report is then emailed to the safety 
manager of the relevant section or subsection, who subsequently uploads 
the information into the online SMS platform. For this study, the authors 
extracted the compiled incident investigation data in MS Excel for further 
analysis. Each incident is assigned a particular ‘Primary cause’ code, 
which can be selected from the dropdown menu in the SMS system. 
Twenty-three key reasons were identified in the SMS database for near-
miss, accident, and property damage incidents. After consulting with a 
safety expert, 16 of the 23 primary reasons were  selected for causation 
investigation. The criteria and field to be included or excluded were 
determined through a collaborative brainstorming session with industry 
professionals whose data was evaluated for the study.
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3.2 Data preparation

Data preparation addresses several issues, including missing values, 
duplicate entries, typographical errors, non-vocabulary terms, and 
incomplete information. Duplicate records were removed using the 
built-in “Remove Duplicate” feature available in the MS Excel. The MS 
Excel feature and manual examination eliminated misspelt and irrelevant 
text. The raw file is taken from the database had a total of 9086 records. 
Following the pre-processing stage, 8877 records were selected for 
subsequent analysis. Out of the 8,877 data mentioned in SMS, 2,984 
occurrences were determined to be near-miss incidents after evaluating 16 
primary causes.

3.3 Word cloud

Word clouds have become increasingly popular for visually 
representing textual data in graphs. It can extract information from the 
content and concisely summarise  the key elements. Typically, a word 
cloud algorithm arranges words one at a time in a greedy manner. It 
optimally allocates each word inside the given space. The words were 
arranged according to a ranking function that evaluates their significance 
using metrics like term frequency and inverse document frequency. The 
words can be arranged in many orientations, such as horizontally, 
vertically, or a mixed fashion. In our study, to find the valuable term out of 
different primary causes, the ‘comparison’ and ‘commonality’ word cloud 
is implemented using the R language code. A brief overview of the process 
for generating a word cloud with R programming is presented below: 

1.	� The short narratives of each incident are extracted to determine their 
respective primary causes. Individual MS Excel files are then created 
for each primary causes to avoid overlap or mixing of text data from 
different categories.

2.	� The free text  provided under the ‘short of description incident’ 
column for each primary cause is processed by converting the text to 
lowercase, deleting digits, punctuation, and additional white space. 
Additionally, stop-words such as “a”, “an”, “the”, “and”, and “or” 
were eliminated.

3.	� The next phase involves constructing a corpus and generating 
a structured data matrix from a text file. A corpus is created  by 
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utilizing the ‘Corpus()’ function, whereas a structured dataset is 
generated by employing the ‘TermDocumentMatrix()’ function. 

4.	� The ranking in the model is determined by the tf-idf statistic, where 
term frequency (tf) represents how often a word appear within a 
specific document, and inverse document frequency (idf) indicate the 
extent of information the word provide across the entire dataset. 

	 ∈

=
( )

 ( , )
max ( )

d

dw d

f t
tf t d

f w
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| |( , ) ln

|{ : }|
Didf t D
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5.	� After obtaining the structured format of the text file, we proceed to 
create a matrix that consists of words and their respective estimated 
weightage based on tf-idf. This matrix will ultimately be passed as 
an argument to the ‘wordcloud()’ method to generate a word cloud. 
The vertical dimension of each word in this image represents  the 
word’s significance in the overall text. 

By following the steps mentioned above, the desired output will be 
obtained.

3.4 Bayesian Network

A Bayesian networks (BNs) represents probabilistic relationships 
among variables through a directed acyclic graph (DAG) [37]. Every node 
corresponds to a variable, and the directed arcs express conditional 
dependencies. As shown in Figure 2, a BN comprises a group of variables 
(such as S, P1, P2, and Q) connected by directed edges that represent their 
probabilistic dependencies. Each variable can exist in mutually exclusive 
states; for instance, variables S, P1, P2, and Q may take the states 
{Prst=present, Abst=absent}. Nodes without incoming links are referred 
as root node (such as S in Figure 2), while nodes receiving directed links are 
child nodes, those sending out links are parent nodes. In this configuration, 
P1 and P2 act as children of S and simultaneously as parents of Q. The 
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directed edges indicate dependency relationships, where value of each 
node is determined by the values of its parent nodes in the DAG. 
Consequently, the values of P1 and P2 depend on S, and the occurrence of 
Q is dependent on both P1 and P2. These interdependencies are quantified 
using conditional probability tables (CPTs) associated with each node.

In the Bayesian framework, the dependency between multiple parent 
nodes Pi (i=1,2,…,n) and the corresponding evidence or child node Q can 
be calculated using the following expression:

=

×
=

×∑ 1

( | ) ( )
( | )

( | ) ( )
i i

i n
j j j

p Q P p P
p P Q

p Q P p P

In this expression, p(P|Q) denotes the posterior probability of P given 
that Q has occurred, p(P) represents the prior probability of P, and p(Q|P) 
indicate the conditional probability or likelihood of observing Q when P 
occurs. The conditional probabilities can be derived from either expert 
knowledge or from the available data.

Figure 2
Sample representation of Bayesian Network model
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4. Analysis of results and discussion of findings

4.1 Extraction of root causes using word cloud visualization

Following data pre-processing,  both comparison and commonality 
clouds are created. The comparison cloud facilitates the identification of 
differences and similarity among two or more primary causes by 
contrasting their respective word clouds. In contrast, the commonality 
cloud highlights the terms that appear across multiple documents. The 
resulting comparison clouds are shown in Figures 3-6. The relative 
importance of each word in the visualization corresponds to its tf-idf 
weight, with larger font sizes representing greater significance. The root 
cause terms are chosen using word clouds that display comparisons and 
commonalities. Keywords are determined by assessing their importance 
and relying on the expertise of professionals. Figure 3 shows a cloud 
diagram comparing incidents connected to processes. These incidents are 
categorized based on their principal causes, which include hot metal, fire, 
poisonous chemicals, gas leakage, and process incidents. Figure 4 displays 
a cloud diagram that compares events linked to collisions and falls. The 
incidents are classified according to their primary causes, namely dashing 
or collision, skidding, slip/trip/fall, and working at height. Figure 5 
illustrates a cloud diagram that compares occurrences associated with 
“material & equipment” based on their primary causes such as material 

Figure 3
Comparison word cloud for process-related incidents
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handling, equipment or machinery damage, structural integrity, and 
issues with lifting tools & tackles. Figure 6 displays a comparative cloud of 
energy-related incidents, categorized by their primary causes: electrical 
flash and energy isolation. Appendix A provides a list of most significant 
terms extracted from the word clouds corresponding to each primary 
cause.

Figure 4
Comparison word cloud for collision and fall-related incidents

Figure 5
Comparison word cloud for material handling & equipment damage related 

incidents 
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Figure 6
Comparison word cloud for energy-related incidents

4.2 Causal modeling using Bayesian Network

As illustrated in Figure 7, the proposed model is formulated based on 
the root causes extracted through word cloud analysis. It comprises four 
hierarchical levels, i.e., root causes, primary causes, cause group and near-
miss index, for a profound understanding of the near-miss risk factors. 
The commonality between the root causes is found in the groups using the 
word cloud. The major root causes found from the word cloud are then 
picked out for every listed primary cause, which is given in Appendix A. 
Appendix A further assist in identifying the qualitative relationships 
among various factors and defining the structural dependencies between 
the variables.

Within the Bayesian network (BN) framework, each conditional 
probability table (CPT) is defined by node’s immediate parent node, 
following the principle of conditional independence. In this study, every 
node is assigned two possible states: present and absent. The probabilities 
of independent nodes are derived from their frequencies in incident 
reports corresponding to specific primary cause. Model construction and 
CPT estimation are performed using OpenMarkov software [38]. The 
probability values are generated from empirical data, while the grouping 
of primary causes is determined through consultation of domain experts. 
Table 1 summarizes these four groups after the discussion with  safety 
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experts of the steel plant by combining primary causes. The BN are created 
across three levels of causal factors: group, primary, root levels, with each 
node represented by distinct, quantifiable state. Finally, the conditional 
probabilities of each child nodes are computed by evaluating all possible 
combinations of their parent node states (present or absent) based on the 
given probabilities. A Bayesian network is constructed with 57 nodes, 
consisting of 36 independent and 21 dependent nodes. The network also 
had 88 linkages and required the estimation of 1200 conditional 
probabilities. Figure 8 displays a screenshot of the OpenMarkov software 
application, which depicts the near-miss index by considering all relevant 
criteria. The respective nodes display the marginal probability. The 
primary causes were grouped based on commonality and to reduce the 
need for complex mathematical calculations, as shown in Table 1. Given 
the high level of connectedness and the low likelihood of a root cause 
node, paying close attention to even the most minor changes in the near-
miss index produced by a specific node is crucial.

Table 1
Groups and clubbed primary causes

Sr. No. Group name Primary Causes

1 Collision and Fall related Slip/Trip/Fall
Dashing collision
Skidding
Lifting tools tackles
Working at height

2 Process related Fire
Hot metals
Gas leakage
Hydraulic/Pneumatic
Toxic chemicals
Process incidents

3 Energy related Electrical flash
Energy isolation

4 Material and Equipment 
related

Material handling
Equipment/ machinery damage
Structural handling
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4.2.1 Scenario analysis

The relative influence of causal factors across the three tiers of the 
network was evaluated by analyzing how the near-miss index changes 
when the probability of each factor’s occurrence is assumed to be zero. 
This analysis provides insight into the degree to which each node 
influences the overall near-miss index. Table 2 presents the fundamental 
underlying reasons derived from the incident’s description (narrative text) 
by applying text mining. The prioritized order of a particular root cause 
level and their unique effects on the near-miss index are provided in Tables 
2.

Similarly, the status of BN is analysed after introducing the 
hypothetical cases reflecting the absence of certain nodes. These simulated 
scenarios illustrate how the network responds when particular evidence 
nodes are observed or removed. Since one root cause is associated with 
more than one primary cause, it is interesting to see the effect of that 
evidence node propagated to every node of the causal path to understand 
the importance of mitigation or control of the particular hazard. 

Scenario 1, shown in Figure 9, for the absence of switch/cable-related 
incidents (23.16%), the BN suggests that there is a reduction possible in 
primary causes like fire (18.66%), energy isolation (13.45%), electric flash 
(49.34%) and equipment/ machinery damage (13.48) primary cause 
incidents. At the group level, a reduction is possible for energy (5.79%), 
process (18.38%), and material/ equipment damage (14.30%) related 
incidents. The near-miss index comes down to a probability of 36.02%.

Table 2
Prioritized ranking of root causes identified from word cloud representation

Order Root cause extracted 
from word cloud

Estimated 
Probability

Probability of near-miss 
index in the absence of a 

root cause
1 Switch/ Cable 23.16 36.02
2 Stairs/ Floor 

condition
15.87 36.02

3 Wire/ rope/ sling 16.23 36.03
4 Crane 13.74 36.03
5 Valve/ hose 10.64 36.03
6 Truck/ Dumper 8.44 36.03
7 Loading/ Shifting 7.46 36.03
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Scenario 2, shown in Figure 10, depicts a situation where all incidents 
related to stair and floor conditions (15.87%) are absent. The BN suggests 
that there is a reduction possible in the primary cause level of slip/ trip/ 
fall (46.13%) related incidents. At the group level, a reduction is possible 
for collision and fall-related incidents (74.70%). The near-miss index comes 
down to a probability of 36.02%.

Scenario 3, shown in Figure 11, represents a situation when all 
incidents related to wire, rope and sling conditions (16.23%) are absent. 
The BN suggests that there is a reduction possible in primary causes like 
material handling (31.06%), process incidents (31.90%) and lifting tools 
(1.44%) related incidents. At the group level, reduction is possible for 
process-related (18.47%) and material & equipment-related (13.68%) 
incidents. The near-miss index comes down to a probability of 36.03%.

Scenario 4, shown in Figure 12, represents a situation where all 
incidents related to crane operation (13.74%) are absent. The BN suggests 
that there is a reduction possible in primary causes like material handling 
(30.89%), slip/ trip/ fall (46.77%), dashing/ collision (15.78%) and lifting 
tools tackles related (1.37%) incidents. At the group level, the reduction is 
possible for collision & fall (74.93%) and material & equipment-related 
(13.61%) incidents. From that, the near-miss index comes down to a 
probability of 36.03%.

Figure 10
Status of affected node after propagation of additional evidence of absence of 

stair or floor related incidence.
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Scenario 5, shown in Figure 13, represents a situation where all 
incidents related to valve or hose dysfunction (10.64%) are absent. The BN 
suggests that there is a reduction possible in primary causes like gas 
leakage (4.38%), hydraulic/ pneumatic (2.03%), process incident (32.28%), 
fire incidents (19.49%) and toxic chemical (0.92%) related incidents. At the 
group level, valve and hose incidents only impact process-related incidents 
(18.49%) to reduce it. The near-miss index comes down to a probability of 
36.03%.

Figure 11
Status of affected node after propagation of additional evidence of absence of 

wire/ rope/ sling related incidence.

Figure 12
Status of affected node after propagation of additional evidence of absence of 

crane related incidence.
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Figure 13
Status of affected node after propagation of additional evidence of absence of 

valve or hose related incidence

Scenario 6, shown in Figure 14, represents a situation when all 
incidents related to heavy vehicles, like a truck or dumper-related incidents 
(8.44%), are absent. The BN suggests that there is a reduction possible in 
primary causes like skidding (4.79%), slip/ trip/ fall (47.00%), dashing/ 

Figure 14
Status of affected node after propagation of additional evidence of absence of 

truck or dumper related incidence.
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collision (15.28%) and material handling (32.45%) incidents. At the group 
level, reduction is possible for collision & fall (74.99%) and material & 
equipment (14.23%) related incidents. The near-miss index comes down to 
a probability of 36.03%.

Scenario 7, shown in Figure 15, represents a situation where all 
incidents related to loading and shifting operations (7.46%) are absent. 
The BN suggests a reduction possible in primary causes like slip/ trip/ 
fall (46.94%) and dashing/ collision (15.55%) related incidents. At the 
group level, reduction is possible for collision & fall (75.05%) related 
incidents. The near-miss index comes down to a probability of 36.03%.

5. Conclusions

A comprehensive analysis is conducted to determine the underlying 
reasons for near-miss accidents. An ordered list of root causes can 
significantly assist in formulating a safety policy for the steel plant and 
allocating the budget for this purpose. The proposed technique utilizes a 
word cloud to extract information at the most basic level and then 
integrates it with a Bayesian network to assist in prioritizing near-miss 
incidents. The causal relationships among these factors were determined 
using data from a preliminary investigation report and expert knowledge. 
The model can provide qualitative and quantitative information on many 
parameters related to near-miss incidents. At the fundamental level, 36 
underlying causes were recognised, and their impact on the overall 
network is evaluated by simulating hypothetical scenarios. The results 
provide valuable insights for management to concentrate on improving 
specific operational areas. The factors with high probability of contributing 
to incidents faulty switch or cable, unsafe stair or floor conditions, 
damaged wires, ropes, or slings, improper crane operation, valve or hose 
malfunctions, and large vehicles such as trucks or dumpers involved in 
material loading or transportation. Additional underlying factors can also 
be ranked according to their likelihood and influence on intermediary 
elements. Examining the data using a Bayesian network yields four 
significant rules for the steel plant under investigation.

Rule 1:  Near-miss reduction requires tracing all three hierarchy levels, 
namely group, primary cause, and root cause.

Rule 2: As the level of group participation rises, the likelihood of near-
miss occurrences also increases, which could escalate into accidents.



INTEGRATING TEXT MINING AND BAYESIAN NETWORKS FOR ROOT-CAUSE IDENTIFICATION� 25

Rule 3: The higher the probability of the primary cause within a group, 
the greater the likelihood of near-miss incidents.

Rule 4: At the root causes level, both the individual probability and their 
involvement in the near-miss index are essential.

The proposed methodology is efficient because it utilizes data to 
build causal networks, reducing the challenge of finding domain experts 
and mitigating inconsistencies in their opinions. This approach enables 
the management to effectively handle unstructured data and discover the 
root causes that are most vulnerable, sensitive, and highly prone to causing 
incidents within the plant. Furthermore, based on the study, it is 
recommended that measures be implemented that will lead to continuous 
enhancement in the intranet-based reporting, manual reporting, and 
monthly survey system across various departments. This will enable a 
more accurate description of the events around each occurrence and 
facilitate the identification of hidden near-misses.

Limitations

The effectiveness of the proposed approach relies heavily on the 
availability of data-rich environments; however, such conditions are often 
difficult to achieve in many real-world applications. Moreover, the quality 
of recorded data is largely depend on the comprehension and interpretation 
of supervisors documenting the incidents in the database [39]. Cleaning 
data is itself a big issue. Under-reporting of near-miss incidents limits the 
exploration of more causing factors. Most of the near-miss cases are 
overlooked or go unreported, which checks the opportunity for workplace 
safety improvement. Williamsen [40] provided the following issues found 
at different levels of hierarchy in the organization regarding near-miss 
incident reporting:

1)	� Managers and supervisors consider reporting and investigating 
incidents and informing senior management about the actions taken 
to be burdensome tasks that do not provide value.

2)	� Safety professionals face challenges in motivating and instructing 
staff to provide accurate and dependable quantitative data. 

3)	� Only significant occurrences are reported by daily employees and 
contract workers to their supervisors. They consider minor near-
miss events to be a part of the job.
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4)	� Data analyst find it difficult to analyze the scarce and unreliable data 
to generate meaningful outcomes.
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Appendix A

Sl. 
No. Group name Primary 

Causes Root cause words

1. Process related Fire 1. Ladle/ slag
2. Valve/ hose
3. Welding 
4. Furnace
5. Switch/ cable
6. Conveyor belt

Hot metals 1. Ladle/ slag
2. Tundish
3. Torpedo/ track
4. Welding

Gas leakage 1. Valve/ hose
2. Furnace

Contd...

http://www.coesea.iitkgp.ac.in
http://www.coesea.iitkgp.ac.in
http://www.savr.iitkgp.ac.in/
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3. Ammonia/ lpg/ oxygen
4. Cutting

Hydraulic/
Pneumatic

1. Pressure
2. Pipe
3. Cylinder
4. Valve/ hose
5. Welding

Toxic chemical 1. Valve/ hose
2. Acid

Process 
incident

1. Valve/ hose
2. Coal fall
3. Bolt 
4. Coil 
5. Furnace
6. Welding

2. Collision and Fall 
related

Dashing/ 
collision

1. Truck/ dumper
2. Loading/ shifting
3. Crane
4. Reversing
5. Trailor

Skidding 1. Truck
2. Bike/ motor cycle
3. Slope/ gradient/ turning 

Slip/ trip/ fall 1. Conveyor belt
2. Coal
3. Truck/ dumper
4. Loading/ shifting 
5. Crane
6. Stair/ floor
7. Roof/ ceiling

Working at 
height

1. Safety belt
2. Roof/ ceiling
3. Dismantling

Contd...
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3. Material and 
Equipment 
related

Material 
handling

1. Coil
2. Truck/ dumper
3. Crane
4. Wire/ rope/ sling
5. Hoist/ hook/ pulley
6. Trailor

Equipment 
damage

1. Switch/ cable
2. Conveyor belt
3. Hoist/ hook/ pulley
4. Motor/ pump

Lifting tools 
tackles

1. Crane
2. Wire/ rope/ sling
3. Hoist/ hook/ pulley
4. Chain

Structural 
Integrity 

1. Roof/ ceiling
2. Plaster/ concrete
3. Shed

4. Energy related Energy 
isolation

1. Switch/ cable
2. Conveyor belt
3. Motor/ pump

Electrical flash 1. Switch/ cable
2. Motor/ pump
3. Fuse/ feeder
4. Transformer
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