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Failures happen.  Innumerable sources stress the importance of learning from these 
mistakes.  However, within the construction industry, there is heavy reliance on 
learning from case-studies of catastrophic events and a lack of attention to the more 
frequent, lower consequence and yet repetitive failures.  These smaller failures can 
have huge cumulative impact, not to mention their effects on the individual(s) 
involved.  The Health and Safety Executive in their 2018 Annual Report estimated 
that safety injuries on site cost £490M to the UK economy.  Part of this historic 
inattention is due to difficulties in analysis and sense-making of these failures.  While 
information is collected about the failure event, the data tends to be in the form of free 
text, which is notoriously difficult to analyse.  To begin addressing this, we present an 
attribute-based method which uses Natural Language Processing (NLP) and Machine 
Learning to structure text data collected after a safety failure on-site, including near 
misses and incidents.  This structured data allows systematic analysis of these data to 
improve construction site practices and facilitate data driven decision-making that 
will reduce safety incidents.  Using descriptions from 2345 safety reports, provided 
by a UK based construction company, we manually refine a set of attribute-based 
event descriptors from the text descriptions of the incidents and train an NLP model 
to automatically predict these in new descriptions.  As well as presenting a working 
example of this method, factors affecting the prediction accuracy were also explored.  
This critique found four aspects which need deliberate consideration in application of 
NLP to construction safety text.  These are (1) the number of attributes; (2) data class 
imbalance; (3) inclusion of near-miss data as well as incident reports; and (4) 
algorithm selection and optimisation.  This method also anonymises the reports, 
allowing potential industry-wide data sharing and learning. 
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INTRODUCTION 
To improve its safety performance, the industry must learn from mistakes.  At present, 
this experiential industrial learning is mostly limited to case-studies and alerts (Baker 
et al., 2018).  However, there is a wealth of information contained within accounts of 
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more frequent, lower consequence incidents and safety observation reports of near 
misses or unsafe conditions.  Historically, these data have been largely inaccessible 
for analysis due to issues of physical accessibility and the format of unstructured text 
data, requiring time consuming manual intervention. 
In the last decade, these safety reports have been increasingly captured digitally, 
removing a barrier to physical accessibility.  Meanwhile, the rise of digitally available 
data worldwide, including natural language and text data, has sparked an emergence 
of many new analysis methods.  Natural Language Processing (NLP), also known as 
computational linguistics, is now being applied to text data in many industries for 
tasks such as information retrieval, knowledge discovery and analysis. 
Previous research, such as that of Tixier et al., (2016), Zhang et al., (2019a), Zhong et 
al., (2020), has explored application of NLP to construction safety documents in an 
American context.  However, application in the UK has been limited to retrieval cases 
and keyword expansion, such as Zou et al. (2017).  The research laid out here explores 
how NLP can extract valuable knowledge and facilitate learning from unstructured 
data.  It also explores the challenges to doing so and uncovers some of the barriers and 
difficulties that need to be overcome.  This is part of a larger investigation exploring 
learning from failure on construction sites that has previously been reported at 
ARCOM (see Baker et al., 2018, and Velikova et al., 2018). 

BACKGROUND 
Safety in Construction  
Safety research in construction is a rich field.  Safety measures, like Accident 
Frequency Rate (AFR), in developed nations have dropped significantly but are now, 
by and large, plateaued.  Meanwhile, safety research has moved from retrospective 
(lagging) measures to include more proactive (leading) measures and safety culture.  
To this end, there has been recent interest in data-led safety initiatives like predictive 
analytics and risk libraries. 
Previous research has shown the advantage of using safety event attributes to predict 
safety event outcomes, where attributes are descriptors of the situation before any 
safety event has occurred (Esmaeili et al., 2015).  However, methods of extracting 
these attributes are specific and time consuming.  Tixier et al. (2016) developed a 
rule-based AI method to predict 30 precursor attributes.  While this achieved 
extremely high accuracy values, the method was time consuming and may be specific 
to American English and American construction terminology. 
However, in application of an attribute-based method, there are several key points of 
information which need addressing: what are the 'attributes' we need to identify? How 
can 30 attributes truly describe the complexities of a construction site area? And, do 
these methods still work in a UK context? 

Natural Language Processing (NLP) in Construction 
Natural Language Processing (NLP) is a rapidly developing multi-disciplinary field, 
using concepts from linguistics and data science including machine learning.  As well 
as applications in audio recognition and machine translation, NLP is used for tasks 
such as text retrieval, sentiment analysis and semantic analysis. 
Converting the unstructured free-text into a structured representation is the first step in 
most NLP analyses of free-text data.  In the last 20 years, empirical 'Bag of Words' 
(BoW) representations (also known as vector space models) have dominated the 
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research space due to their notable results when trained on large datasets (Hirschberg 
and Manning, 2015).  These representations are based on the numerical frequency of 
unique 'tokens' contained within the training vocabulary.  'Tokens' are generally words 
but also may also include punctuation or numbers.  The resultant representation is a 
very long, sparse vector.  An example of vector space transformation for a limited 7 
token vocabulary is shown in Table 1. 
Table 1: Example of text transformation to BoW vectors 

 
The main limitations of vector space representations are that (a) word order is not 
preserved, and (b) semantic similarity is ignored as semantically similar words (e.g. 
‘excavator’ and ‘digger’) occupy orthogonal dimensions in the vector space.  Both 
limitations restrict the semantic meaning which can be gained from analysis of the 
text; however, these can be mitigated in the pre-processing stage.  Specific mitigation 
methods are discussed in the method section. 
Baker et al. (2020) found 12 examples of Natural Language Processing applied to 
construction safety incident reports.  Nine of these used the vector space 
representations and three experimented with word embeddings, a method of 
representing text using deep learning.  To date, no significant advantage to accuracy 
has been achieved using deep learning methods, despite the increase in complexity.  
This research employs vector space representations. 
Once a structured representation of the text has been achieved, further analysis and 
machine learning tasks can be performed, such as text retrieval or classification.  
Classification tasks using machine learning classifiers can be performed for both 
binary and multi-class classification.  Meanwhile, vector similarity can be 
mathematically evaluated to rate the similarity of a vector against another in the 
corpora allowing similar documents to be retrieved. 
In recent years, a number of academic studies have showcased NLP use in 
construction for both text retrieval and classification tasks.  Chokor et al. (2016), Goh 
and Ubeynarayana (2017), Tixier et al. (2016) and Chang et al. (2019) all use NLP 
methods to classify safety documents, while Kim and Chi (2019), Yu and Hsu (2013) 
and Zou el al.  (2017) retrieve accident report cases.  The most recent relevant 
example is Zhong et al. (2020) who used safety text descriptions to predict the 
incident causal category, e.g., 'falls', and applied topic mapping to find key labels 
associated with different categories.  Key identifying words and phrases were 
extracted for each class. 
Outside the domain of health and safety, there are fewer examples.  However, 
Soibelman et al. (2008) used NLP to classify construction management documents 
and Marzouk and Enaba (2019) did the same for contractual documents. 

METHOD 
This research is formed of two parts: development of the attributes through systematic 
labelling of the safety report dataset, followed by application of NLP and ML to 
predict attributes in new safety event descriptions.  This approach is adapted from 
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protocols developed and observed at the University of Colorado, Boulder (for example 
(Tixier et al., 2016b). 
In this section, following introduction of the data set, the method for development of 
the attributes and data labelling is described.  Then, the method for development of 
automatic prediction of the attributes from new text is introduced. 

Data 
The data used in this analysis consists of 2345 safety reports, near misses and safety 
observations from 28 infrastructure construction projects in 10 sectors.  879 of these 
were accident reports.  These projects took place between 2011 and 2019. 

Safety Event Attributes and Data Labelling Method 
Precursor attributes were defined as attributes which are identifiable before an 
incident occurs and contribute to the incident occurring.  These were separated into 
three categories: objects - materials, tools and machinery; actions - actions being 
undertaken which contributed to the incident; and worksite descriptors - defining 
features of the workspace or area of incident. 
Precursor attributes were manually labelled by four researchers at the University of 
Edinburgh, within the School of Engineering, using Microsoft Forms to collate the 
data.  Bearing this in mind, it is vital to recognise the impact of these researchers on 
the development of the attribute dataset.  By using personnel familiar with 
construction and engineering, rather than linguists, they should have been able to more 
accurately identify the pertinent information in the text.  However, previous 
experience of construction could also have resulted in unconscious bias where 
individuals have preconceived notions about what is important on construction sites.  
Table 2 demonstrates the labelling process from unstructured text to precursor 
attributes. 
Table 2: Examples of safety event descriptions and labelled attributes 

 
Attribute Prediction Method 
This sub-section describes the method used to process the text data and the 
classification algorithms used to predict the attributes. 
The data was split into three sets.  A validation set of 10% was set aside to test for 
final accuracy results.  Train and test datasets were made using K-fold split with K=5 
on the remaining data.  This means that the train/test data was split 80:20 and the 
algorithms trained five times, using a different 20% of the data to test each time.  The 
accuracy scores are then averaged.  Model parameters were optimised on this train/test 
data, before final accuracy testing using the validation set. 
First, the raw text is pre-processed then transformed into a TF-IDF (Term Frequency - 
Inverse Document Frequency) vector space representation.  To elaborate: 
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1. Tokens were created by splitting text on whitespace and punctuation. 
2. To decrease vocabulary length and integrate some semantic relationships into 

the model, the lexical stem of each token was extracted using the Snowball 
algorithm (Porter, 2001).  For example, 'management' and 'managing' would 
both map to 'manag'. 

3. To mitigate against word order loss, bigrams (pairs of words) which occur more 
than 5 times in the training set were found and included as tokens.  For 
example, 'circular saw'.  Less frequent and larger phrases were not included as 
this would increase the vector length and sparsity to such an extent that it 
becomes difficult to fit any model. 

4. At this stage, stopwords (words which are deemed not to add sematic meaning 
to text), punctuation and numbers were removed. 

5. TF-IDF transformation scales the term frequency (i.e. number of token counts) 
by log (inverse document frequency) i.e., log(number of documents in total / 
number of documents containing the word).  These logarithmically scaled word 
counts identify defining words for the document (Jones, 2004).  This 
transformation can be considered standard for initial investigations using NLP 
vector space representations. 
For example, transforming the first entry in Table 1, 'the' would have a count of 
2 x log (3/3) = 0 while 'excavator' would have a count of 1 x log(3/1) = 0.477. 
 

These parameters, e.g., vocabulary and TF-IDF transformation coefficients, are 
calculated on the training dataset then applied to the test and validation set. 
For prediction of attributes from the safety event description text, each attribute was 
considered independently.  Binary classification algorithms were trained using the TF-
IDF text representation with their associated classification for that attribute.  Table 3 
gives brief explanations of the algorithms investigated. 
Table 3: Machine Learning classification algorithms 
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An initial set of algorithm parameters were tuned using the test dataset.  The final 
accuracy of each algorithm for the validation set was recorded.  By classifying each as 
'attribute present' or 'not present', this binary classification was the prediction of the 
individual attribute.  This process was repeated for each attribute, creating a list of 
attribute predictions for each text in the test set. 
Three values for accuracy were calculated during this analysis: recall, precision and 
F1 a harmonic average.  These values are calculated as follows: 

 
Equation 1: Recall, Precision and F1 calculations 
Imbalanced classes, when one class dominates the dataset, can confuse machine 
learning algorithms (Haixiang et al., 2017).  A method employed for dealing with this 
is data sampling for the training dataset where the imbalance is addressed by 
artificially changing the ratio of the classes.  Examples of methods employed include 
deliberately oversampling the positive counts or under sampling the negative ones.  
Oversampling of the positive counts is employed in this investigation. 

RESULTS 
Attribute Development 
In development of the attributes set, 553 precursor attributes were identified in the 
labelling exercise.  Many of these attributes were similar and, therefore, the next 
iteration combined attributes which had the same, or extremely similar, semantic 
meaning.  Examples include 'animal', 'rat' and 'mouse' attributes, identified during the 
labelling exercise, all map to a single 'animal' attribute for analysis. 
In total, 250 unique precursor attributes were identified.  This is a much higher 
number than the 30 previously identified by Tixier et al., (2016).  Additionally, only 
58 attributes (listed in Table 4) occurred in 1% or more of the safety descriptions. 
This high proportion of infrequent attributes is indicative of the complexity of a 
construction site environment, which often sees specialist tools, materials and 
activities.  Although most construction personnel could probably name the frequent 
activities and their main components, terminology differs across the country, 
increasing the complexity of the labelling task.  These factors can also affect the 
accuracy of text classification, as discussed in the next sub-section. 
Despite the complexity, there is still great potential in this method.  Figure 1 is 
included to illustrate possible further analysis unlocked with this attribute method.  
The figure shows a network of co-occurring attributes.  Only those co-occurring more 
than 30 times are included for graph clarity.  Transforming the unstructured text 
descriptions into structured data in the form of attribute features allows network 
analysis methods to be performed.  Other possible further analyses unlocked by this 
method include risk analysis, graphical analytics, learning, and finer trend analysis. 

Attribute Prediction using NLP and Machine Learning 
For attribute prediction, only attributes which were observed in 1% or more of the 
training dataset were considered beyond an exploratory run of the classification 
algorithms.  This is partly due to the inability of the models used to deal with the 
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extremely imbalanced data classes, and partly because there is a high chance that they 
are completely absent from the test data. 
Table 4: List of precursor attributes 

 
 

 
Figure 1: Network Graph of Attribute Co-occurrence (attributes with >30 co-occurrences) 

To mitigate against the class imbalance, deliberate oversampling of positive examples 
in the training set was used for training the algorithms.  In each case, the positive 
examples were duplicated until they accounted for a minimum of 10% of the training 
data.  This resulted in an average increase of 0.11 to the F1 score, however, 20 / 58 
attributes were adversely affected by this process.  The investigation would have 
benefitted from a more sophisticated sampling method. 
The accuracy results for the 58 attributes which occur in 1% or more of the training 
data is shown in Table 5, after oversampling.  The best values for each are underlined 
and in bold.  For actions and site descriptors, SVM Bagging proved to be the best 
option, yielding the highest F1 score.  For objects, this was marginally beaten by 
Gradient Boosting. 
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In both cases, where a base and ensemble algorithm were investigated i.e., Decision 
Tree and Gradient Boosting and SVM and SVM Bagging, the stacked model equalled 
or exceeded the F1 score for the root algorithms.  Also, while resulting in a lower F1, 
using a hard-voting algorithm increased the precision of the prediction.  This is to be 
expected; however, it has implications for choosing methods for practice where 
precise results are more important than recalling all possible attributes. 
Table 5: Precision, Recall and F1 scores for attribute prediction 

 
What affects attribute prediction accuracy? 
Set against other recent research, these accuracy values may seem comparatively low.  
For example, Zhong et al. (2020) achieved an average F1 = 0.59 using SVM 
classification on word embedded text representations, achieved via word2vec with 
skip-gram.  Meanwhile, Baker et al. (2020) achieved F1 = 0.72 using TF-IDF 
representation and SVM on a set of 6 incident types.  These authors also achieved 
marginally higher F1 average using deep learning classifiers.  There are four identified 
reasons these prediction tasks, on similar data, may have a higher F1 accuracy. 
Firstly, these predictions had significantly fewer categories.  For example, Zhong et 
al. (2020) predicted only 11 categories.  Also, these were not attributes but incident 
categories, e.g., 'electrocution', 'falls'.  Fewer categories mean that outlier accuracies 
can more significantly affect the average.  In this case, 'electrocution' predicted with 
F1=0.92 brings the average from 0.46 to 0.59. 
Secondly, having fewer categories may indicate a lower-class imbalance.  This is also 
indicated in the category types.  'Incident category' or 'type' tends to be a multiple-
choice option on safety incident report forms and is compulsory in most cases.  This 
means that not only are there fewer categories, but every incident must contain at least 
one of them.  Additionally, Baker et al. (2020) employed a tailored oversampling 
factor for each class.  Oversampling was shown to have a significant effect on the 
accuracy results and this application could benefit from further optimisation. 
Furthermore, the data used in both previous papers mentioned contained only incident 
reports, not near-miss or observation data.  These reports tend to be more carefully 
filled out, using more formal English.  It can also be postulated that it is easier for 
both those capturing the data and researchers labelling the datasets to identify 
precursor attributes in the case of an incident as there is less subjectivity in identifying 
key situational descriptors before a specific incident than in the case of unsafety. 
Finally, the granularity of optimisation in these papers was much finer than used 
during this investigation.  As stated by Bottou et al. (2018), "optimization is one of the 
foundations of machine learning"; this includes not just optimisation during the 
training process but optimisation of the learning parameters.  Optimising algorithm 
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parameters has a significant effect on the accuracy results.  In this investigation, SVM 
parameters were tuned, increasing the accuracy of prediction on the test set up to 15%. 

CONCLUSION 
In conclusion, presented here is an attribute-based method to transform unstructured 
safety incident and observation data into structured data, to be used in further analysis 
of construction safety.  Attributes identified were objects, actions or site descriptors 
within the text which directly contributed to the incident or unsafety observation. 
Manual annotation identified 250 unique attributes, of which 58 occurred in 1% or 
more of the dataset.  Manual annotation is time-consuming and this task, labelling 
2345 safety incident/observation descriptions, took over 300 solid man hours (not 
including breaks or moving from one description to another).  Manual annotation is 
therefore not suitable for deployment.  Automatic detection of these attributes is 
required to make this method viable in industry. 
To automatically predict attributes from text, Natural Language Processing (NLP) was 
used to process the text into vector space representations, otherwise known as 'Bag of 
Words'.  Machine learning classifiers were then trained to predict the attributes from 
these inputs.  Of those investigated, ensemble classifiers performed best, notably SVM 
Bagging.  Factors identified as influencing the accuracy of results are imbalance of 
classes and how these are dealt with; inclusion of less formal data types e.g., safety 
observation data alongside incident reports; and granularity of algorithm optimisation.  
Future research should carefully consider and address these points. 
The use of NLP for analysis of free-text safety reports has been shown to be an 
emergent but potentially reliable science.  While this research demonstrated the 
promise such methods hold, it also indicated the need for application by experts who 
understand the nuances of the methods and data biases.  Additionally, a layman could 
be easily seduced by claims of high accuracy which could lead to the selection overly 
simplistic methods.  This could have the unintended consequence of poor safety 
outcomes.  There is more work to do before results can be relied upon. 
This research is part of a piece of wider doctoral research which will optimise the 
methods employed and investigate further the potential knowledge discovery of this 
data for UK construction. 
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