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Data science includes a variety of scientific methods and processes to extract data from various sources. The
integration of interdisciplinary fields such as mathematics, statistics, information science, and computer
science affords techniques to analyze large volumes of data to arrive at unique insights and make data-driven
decisions (Sinelnikov et al., 2015) in real time. The technique lends itself to other applications across many
domains including hazard assessments, analysis of near-miss data, identification of leading and lagging
indicators from past accidents, and others. Benefits of this technique include efficiency due to improved data
acquisition. Near-miss data represents an important source to identify conditions that lead to accidents to
develop strategies to prevent them. Analysis of near-miss data sets can involve various techniques. This
paper will explore the use of data science to mine accident reports, with a special emphasis on near misses to
uncover occurrences that were not initially identified in the documentation. Data-science techniques such as
text analyses facilitate searching large volumes of data to uncover patterns for more informed decisions.
Regarding near-miss data, data science techniques can be used to test the ability to uncover new hazards/
hazardous preconditions and the accuracy of those findings. With the benefits of crunching large data sets
and uncovering new hazards, considerations and implications are also made regarding how that might
influence safety culture.

1. Introduction
Failure can come about by technical, human, or organizational means which lead to dangerous
circumstances. In the event that some defense adequately prevents any consequence from occurring, there is
no accident. However, if that is not the case, the conditions for an accident exist. Whether there is an accident
depends upon human action or some other preventative/mitigative strategy. If a strategy or mitigation is
employed, then the event is characterized as a near-miss; should there be no intervention for prevention, the
result is an accident with varying levels of consequence severity. In other words, a near miss accident is
categorized as an accident that could have resulted in mild to severe consequence, but did not by some
intervention or by chance (Aspden et al., 2004). Figure 1 demonstrates how near-misses occur, as well as
how they are related to adverse events. Near-miss data enables the identification of hazards or circumstances
by which accidents occur and is invaluable because, by analyzing such data, organizations can reduce risk by
understanding (1) the circumstances and hazards related to that risk and (2) those interventions or mitigations
that prevented an accident from occurring.
Looking across industries including aviation, nuclear power, healthcare, military operations and others, there is
a demonstrated importance of near-miss data analysis (Barach & Small, 2000). The Three Mile Island disaster
resulted in a reporting system for near-misses in the nuclear power industry and intensified the focus on safety
and safety outcomes. In aviation, near-miss data has been analyzed to improve air safety through system
monitoring and a reporting system for individuals to contribute specific information. Analogous to nuclear
power, near-miss data can augment accident data in aviation, where accidents are exceedingly infrequent,
and provide contextual information about accidents. Leading indicators represent conditions or events that
precede some undesirable consequence. They can be used as predictors of specific events such as
accidents, or near misses. When used correctly, leading indicators can proactively identify hazards to
minimize or mitigate risk.
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Together, a sustainable process for identifying otherwise unknown leading indicators related to hazards
associated with near-miss accidents can avert accidents by understanding and mitigating risks (Franca &
Duarte, 2018). Prevention of future unsafe scenarios and associated consequences can occur by
understanding and learning from near misses. This focus on a data-driven preventative culture benefits from
near-miss data (Korkmaz & Donnelly, 2018) as a leading metric, and results in a robust safety management
approach. Analyzing data for near misses can improve safety over and above a focus on adverse events
alone, should near misses and accidents share direct causal predictors (which was demonstrated to be true in
transportation safety: Wright & Van Der Schaaf, 2004; chemical: Van Der Schaaf, 1995; and healthcare
research: Aspden et al., 2004) and relative causal patterns.

Figure 1: Accident causation model (from Van Der Schaaf, 1992, p. 9)
1.1 Near-miss data and reporting
‘Near-miss’ is a term borrowed from aviation that denotes an adverse event that did not occur because of the
intervention of an individual or by a fortunate evolution of the circumstances. It refers to accidents that did not
result in harm. They are believed to be precursors of adverse events (Bier, Kunreuther, & Phimister, 2004)
and thus share the same causal continuum (Myers et al., 2008) …They allow for analysis of risks before
consequences are observed and are more frequent than adverse events (7–100 times more frequent (Bird &
Loftus, 1976) (Cure et al., 2011, p. 738).
To supplement low accident rates of accidents and their consequences, near misses and their causal factors
can be used to identify shortcomings in safety management practices (Sinelnikov et al., 2015). Combined with
an analysis of leading factors that cause accidents, analysis of near-miss data can provide opportunities to
recommend targeted mitigative strategies. Rather than strategies which do not directly relate to identified
inadequacies, one should consider near misses in the context of potential related accidents to propose
changes to current processes (Manuele, 2009). This data-driven approach results in more targeted strategies.
A robust approach to safety management using near-miss data would also include analysis of data after
mitigative strategies are introduced to demonstrate success of those new practices.
Prior studies have demonstrated an underlying relationship between near misses, and accidents which result
in minor and major (majority of investigations conducted focus on major accidents) consequences such that
there are considerably fewer major accidents when compared to minor, and even yet more near misses
(Heinrich, 1931). Underlying all the above are the unsafe actions and conditions which lead to accidents.
Heinrich introduced the safety triangle (see Figure 2), which is a representation of near misses as an indicator
of risk.
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Figure 2: Safety triangle: Adapted from Heinrich’s 300-29-1 Model (Heinrich, 1931)
1.2 Data science techniques
Learning from near-miss data requires analysis related to (1) the context and circumstances under which near
miss accidents occurred, (2) the related hazards, and (3) if mitigative strategies were employed, a description
of mitigative strategies and the effectiveness of such. (National Academies of Sciences, Engineering, and
Medicine, 2017). Different data science techniques can support two distinct goals. Modeling allows one to gain
insight into how and which failures lead to near-misses or accidents, with a long-term goal of identifying those
factors which lead to adverse events and those which allow recovery from such events. Trending is used to
identify root causes in large data sets. Over time, trending can identify the frequency of specific factors to
promote a data-driven approach for incorporating specific interventions (Institute of Medicine, 2004).
1.1.1 Data Mining
Data mining is used to identify otherwise unknown patterns in a provided data set. Data mining can identify
underlying groups in data that fit naturally together or can be used to identify anomalous instances in a data
set. Importantly, it can also be used to discover relationships, which could support the analysis of near-miss
data, specifically when determining those circumstances and hazards that lead to accidents (or near
accidents) and those actions that prevented an accident from occurring. For example, clustering, in which like
accidents are grouped into like events, can be used to identify previously unknown risks in large data sets.
1.1.1.1 Text Analytics
Text analysis, including natural language processing, is used to extract information from textual sources, such
as data from near-miss reporting systems. Data could be analyzed to complete a root cause analysis or
determine leading indicators such as circumstances or hazards which precede near misses in text data.
1.1.2

Predictive Analysis

The goal of predictive analysis is to determine patterns in a given data set to predict future outcomes.
Regarding near-miss data analysis, predictive analytics can be used one of two ways. The first is to predict
those circumstances that lead to near-miss accidents to predict when future accidents may occur; similarly,
predictive analytics can support the identification of mitigative actions that prevented an accident from
occurring. The second is to test hypotheses about specific mitigations and explore the effectiveness of such.
1.1.2.1 Machine Learning
Machine learning techniques are also used for their predictive power. These techniques rely on a machine
acquiring those patterns of interest, and identifying them when new data comes in. Machine learning models
can be developed in different ways: (1) a supervised model is refined and improved with time as more data is
analyzed, and accuracy of that data is used to update the predictive model; (2) an unsupervised model
analyses hidden patterns in data in absence of identified qualifying cases; (3) a reinforcement model is
optimized based upon a reward signal, but does not have explicitly stated examples. Machine learning can be
used to categorize data into distinct groups, such as accident from non-accident data to identify otherwise
unknown preconditions of near-misses in large data sets.
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1.1.2.2 Bayesian Methods
Bayesian analysis can be used to perform both inferential and predictive analyses, which can be leveraged
when multiple data sources are combined. It is used to answer questions about unidentified parameters using
probability statements. Bayesian methods indicate a state of belief via an underlying probability distribution;
the analysis relies on a likelihood function which reveals information about parameters and the prior
distribution which represents what is known about those parameters. From this, a posterior distribution can be
determined which relies on previously observed data and characterizes the total information that is known.
Advantages and disadvantages of each aforementioned analytical techniques can be found in Table 1.
Table 1: Advantages and disadvantages of analytical techniques
Analytical Approach
Data Mining

Advantages
Disadvantages
•
Output represents applicable
•
There are scalability issues
knowledge for informed decisions
•
Data can be misinterpreted and,
•
Output includes patterns of important
hence misused.
factors that can be used to make
necessary adjustments
•
Data mining allows detection of
otherwise unknown risks
Text
•
Output can quantify frequency of
• Careful coding of initial data is crucial
Analytics
specific types of occurrences
for categories to be analyzed
•
Systematic procedures promote high
correctly
reliability and replicability
• Inaccurate coding nullifies the results
•
Suitable for large datasets of text
Predictive Analysis
•
Analysis uses past data to estimate •
Biases in how data are interpreted
potential risk
can be an issue
•
Pattern recognition supports
•
Spurious correlations can occur with
prevention of accidents from relarge data sets
occurring
•
Results in a more reliable
interpretation of conditions leading to
accidents
Machine •
Model can learn relevant features
•
There are instances where machine
Learning
with time
learning can fail and a human
analyst must have some
•
Can discover features in large data
understanding of the issue(s)
sets rather than requiring the handcoding such features
•
Machine learning requires a large
dataset so is not ideal for industries
•
Can find optimal setting for
with sparse data
numerous parameters in a large data
set
•
Training datasets must be large
Bayesian Methods
•
Naturally combines prior knowledge •
There is no absolute way to select
with new data
the prior distribution
•
Inferences logically follow Bayes’
•
Prior beliefs can be subjective and
theorem
lead to deceptive output
•
Can handle large and small sample •
Posterior distributions can be
sizes
influenced by prior distributions that
can lead to questions regarding
validity

2. Analysis of near-miss data using data science techniques
Much research has been done to develop methodologies to analyze near-miss reports. Three examples of
how data science techniques have been used to analyze near-miss data are discussed below.
2.1 Analysis using clustering
Cure et al. (2011) proposed a methodology which involved clustering near-miss reports to support risk
analysis. The methodology results in ranked clusters of near-miss accidents which supported the identification
of obvious, and more importantly, harder-to-identify risks. The technique also leverages prior knowledge of
risks that existed in the system. Clustering involves grouping near-miss report data, such that each report is
clustered to those which it is closely related to compared to those reports that are outside the cluster.
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Importantly, the also sources of risk related to each cluster were characterized. The ranks then represented
frequency of risk which supported the implementation of strategies to reduce those risks which were prioritized
according to that frequency.
2.2 Analysis using text analysis coupled with Bayesian modeling
Walter and Bowers (2018) coupled multiple techniques, including text analysis and Bayesian modeling to
analyze near-miss reports. Figure 3 represents their methodology, which provided a more holistic view to
promote a superior safety culture (Walter and Bowers, 2018). Near-miss data is often captured as text,
possibly supplemented by accident rates. Using natural language processing supports an accident profile
such that different accident types can be prioritized according to their frequency. Additionally, the data can be
analyzed using a Bayesian multilevel model to more accurately rank and direct resources appropriately. Taken
together, a data-driven safety strategy is realized such that accident type is related to riskiest
operations/locations/job types/etc. to facilitate the design of specific strategies for risk prevention.

Figure 3: Big data safety strategy (Walter & Bowers, 2018, p. 9)
2.3 Predictive Analysis using Bayesian modeling
Myers et al. (2008) developed a procedure to assess the similarity between causes and contributing factors in
near-miss data. The approach correlated the causes of error reported when an accident occurred as well as
when a near-miss transpired. From there, a Bayesian hierarchical model supported learning by quantifying the
evidence in a given near-miss report related to contributing factors for a particular near-miss event. For each
near-miss report, there model relied on knowledge of the cause of the event and the consequence. The
technique depended upon on the correlation as a measure of evidence for the causal continuum hypothesis
(underlying causes of harm are shared between near-miss and accident events). From this analysis, Myers et
al. (2008) crafted an evidence-based approach which identified the causes most associated with specific
consequences within the near-miss datasets, thus allowing for the design of preventative strategies.

3. Future work
The techniques reviewed in this paper warrant further study. Specifically, the next step is to identify a proper
dataset and implement the approaches covered in this review. The results obtained would then be compared
across the different methods to capture the effectiveness of each in terms of analyzing near-miss data.
Additionally, future work should evaluate the effectiveness of mitigative strategies according to some predetermined standard. One way to accomplish this is to establish baseline rates for specific types of accidents
or near-miss accidents and compare the reduction after interventions have been put into place. Potential
drawbacks to this may include very low accident rates (though grave consequences should one occur) or
near-misses not identified in the data (thus representing a partial view of near-misses and preconditions of
such).
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4. Summary and conclusions
Analysis of near-miss data is an established practice across various industries. Techniques used in support of
that analysis dictate the type of information that will be revealed. Typical analyses qualify the types of risk and
associated causal factors to those risks. Techniques may also include approaches to better assign mitigative
techniques to circumvent accidents based upon the results of near-miss analyses.
As in industry, many techniques such as coupling a Bayesian model with text analysis, can complement each
other to support the identification of otherwise unknown near-miss events. Accompanying this effort with an
assessment of success metrics allows a comprehensive, data-driven approach to promoting safety culture.
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