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Abstract
Risk management is a vital activity to ensure employee safety in construction projects. Various documents provide important
supporting evidence, including details of previous incidents, consequences and mitigation strategies. Potential hazards may depend on
a complex set of project-specific attributes, including activities undertaken, location, equipment used, etc. However, finding evidence
about previous projects with similar attributes can be problematic, since information about risks and mitigations is usually hidden
within and may be dispersed across a range of different free text documents. Automatic named entity recognition (NER), which
identifies mentions of concepts in free text documents, is the first stage in structuring knowledge contained within them. While
developing NER methods generally relies on annotated corpora, we are not aware of any such corpus targeted at concepts relevant
to construction safety. In response, we have designed a novel named entity annotation scheme and associated guidelines for this
domain, which covers hazards, consequences, mitigation strategies and project attributes. Four health and safety experts used the
guidelines to annotate a total of 600 sentences from accident reports; an average inter-annotator agreement rate of 0.79 F-Score shows
that our work constitutes an important first step towards developing tools for detailed semantic analysis of construction safety documents.
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1. Introduction
The health and safety of workers is of paramount impor-
tance in any construction project. As such, risk manage-
ment is a vital activity, whose aims are to identify the poten-
tial risks to workers at each stage of the project and to de-
termine appropriate safety measures that can mitigate these
risks as effectively as possible.
An important source of evidence for risk management
comes from existing document repositories. Reports on
construction-related injuries and illnesses, site inspections
and prosecutions, along with health and safety guidelines,
can collectively provide details about which accidents have
occurred during previous projects, together with possible
reasons (e.g., failure to put adequate protection measures in
place) and recommendations of how incidents can be min-
imised or avoided in future.
Such document repositories usually contain a large num-
ber of (possibly lengthy) documents. However, information
about previous projects is only likely to be relevant to risk
management for new projects if there is a match between at
least some of their attributes. These attributes may include
location type (e.g., the terrain or type of construction), con-
struction activities undertaken (e.g., demolition, digging),
equipment used (e.g., ladders, drills), etc. Furthermore, in-
formation about incidents, potential reasons and possible
mitigations may be fragmented both within and across a
range of different documents. As such, the processes of
finding relevant supporting documents, locating important
information that may be deeply buried within them, and
identifying links between information from different doc-
uments can be extremely laborious and time-consuming.
There is thus a high chance of missing potentially important
information that could make the difference between the life
or death of a worker.
In a range of domains, text mining (TM) methods have
been applied to automatically analyse the content of free
text documents, in order to identify various aspects of their

structure and meaning. Named Entity Recognition (NER)
is a fundamental step in TM, whose aim is to detect and se-
mantically classify mentions of important domain-specific
concepts. In our case, these would include types of ac-
cidents, features of building sites, equipment or tools and
safety measures, etc.
Recognised named entities (NEs) form the basis for the
application of more sophisticated relation detection meth-
ods, which extract precise structured representations of the
knowledge hidden in documents, by discovering which en-
tities are related to each other, and how. In construction
safety, examples may include linking accidents to relevant
contextual factors (e.g., equipment being used when they
occurred) or linking specific safety measures to the hazards
that they aim to alleviate.
Within the construction safety domain, NER is a largely
unexplored problem, mainly due to the lack of suitably an-
notated corpora, which are required for the development
and evaluation of supervised machine learning NER meth-
ods. In response, we have defined a novel NE annotation
scheme for application to construction safety documents,
accompanied by detailed guidelines to ensure consistent la-
belling by annotators. The design of the scheme (a joint ef-
fort between experts in health and safety and corpus devel-
opment) was guided by reference both to existing models
of construction safety knowledge and to a range of relevant
document types. An iterative cycle of experimental NE la-
belling and discussion between the experts allowed us to
converge towards a scheme that encodes a range of impor-
tant concepts, including hazards, consequences, mitigation
strategies and project attributes, while also being feasible to
apply by annotators in a reliable and consistent manner.
We subsequently trained four health and safety experts in
the application of the scheme, and asked them to label a to-
tal of 600 sentences from accident reports. An overall inter-
annotator agreement rate of 0.79 F-score, together with the
finding that most categories in our scheme were frequently
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annotated in text, help to verify the validity and suitability
of our scheme. As such, the scheme and corpus will act
as an important stimulus for research that moves beyond
document-level classification methods (which have formed
the bulk of previous research in this area), to more sophis-
ticated methods that can perform more detailed semantic
analyses of the content of these documents. The corpus
may be downloaded from http://www.nactem.ac.
uk/discovering_safety/

2. Related Work
Most text mining studies on documents relating to the
construction industry and/or accidents have focussed on
document-level methods. For example, semantic similar-
ity techniques have been applied to organise construction
project documents into semantic clusters (Al Qady and
Kandil, 2014). Similar methods have been used to aid with
case-based reasoning, in which the retrieval of documents
describing cases that are similar to a situation of interest,
such as dispute resolution in construction accidents (Fan
and Li, 2013) or mitigating risks in construction projects
(Zou et al., 2017), can help to provide evidence about how
best to deal with the situation. Approaches to the automatic
classification of documents have used pre-defined topics
from a construction information classification system (Cal-
das and Soibelman, 2003) or different categorisations of in-
juries, incidents or hazards (Bertke et al., 2012; Taylor et
al., 2014; Goh and Ubeynarayana, 2017) as their classifica-
tion basis. Chi et al. (2014) classify documents from multi-
ple databases according to both constructions activities and
hazards, with the aim of linking documents that mention
unsafe scenarios with those mentioning safe approaches to
the same construction activities.
More detailed analyses of the semantic content of construc-
tion documents have mainly been based on rules, syntactic
structure and/or the use of ontologies. Al Qady and Kandil
(2009) apply shallow parsing to construction contract doc-
uments to identify active and passive concepts, together
with relations between them, while Zhang et al. (2019) en-
rich document-level accident classification with automatic
extraction of phrases denoting the causes of the accidents
from document titles, using syntactic patterns.
Ontologies, which provide inventories of the concepts used
within a domain, can drive methods that carry out more
detailed concept-level annotation in text, by automatically
marking-up phrases that correspond to mentions of differ-
ent ontology classes. The rule-based approach described in
Zhang et al. (2013) combines syntactic information with
semantic information from dictionaries and an ontology to
extract concepts and relations from construction regulatory
documents. BIMTag (Gao et al., 2017) is a semantically
enhanced search system that makes use of the domain-
specific Industry Foundation Classes (IFC) ontology (ISO,
2013) to semantically annotate BIM product documents
with phrases corresponding to physical objects used within
construction, e.g., walls, beams and doors.
However, an issue with many ontologies is that they are
not well–suited to supporting accurate and comprehensive
NER. A given concept can often be described in text us-
ing a range of different synonyms or related terms, but it

is unlikely that these will be listed exhaustively in the on-
tology. For example, while the IFC lists natural language
names for concepts in a number of different languages,
only a single name per language is provided. Both Gao
et al. (2017) and Zou et al. (2017) try to overcome such
issues by using the comprehensive lexical database of gen-
eral language, WordNet (Miller, 1995), to obtain additional
synonyms. However, acknowledging that general language
resources may not sufficiently account for domain-specific
language usage, Zou et al. (2017) expand an initial list of
risk management terms by applying the Word2Vec algo-
rithm (Mikolov et al., 2013) to a collection of risk cases and
to Wikipedia, and collect related terms from the obtained
word embeddings. Word2Vec has also been applied to an
11 million word corpus of construction-related text (Tixier
et al., 2016b); the resulting vectors provide further scope
to discover semantically related terms within the domain.
Chen and Luo (2019) describe a further domain-specific
application of word embeddings, i.e., to create knowledge
graphs that encode the semantic relatedness between terms
used in different types of sentences in literature abstracts
that relate to construction management.
A further body of work (Desvignes, 2014; Esmaeili and
Hallowell, 2012; Prades, 2014) considers that construc-
tion situations can be comprehensively characterised by a
finite number of observable fundamental construction site
attributes. Eighty distinct concepts corresponding to injury
precursors are identified, including equipment (hammer,
forklift), materials (concrete, cable), working environment
(uneven working surface, adverse low temperatures) and
actions/activities (welding, stripping). Tixier et al. (2016a)
used this as the basis to develop a tool for automated con-
tent analysis of construction injury reports. Recognition of
the mentions of the precursors is augmented by detection
of seven injury types, five categories of injured body parts
and nine energy sources. A complex system of manually
constructed dictionaries and rules is used to detect various
ways in which the attributes could be described in text, with
an overall accuracy of 95%. The system was subsequently
applied to 5298 accident reports (Tixier et al., 2017), fol-
lowed by unsupervised data mining techniques, to discover
attribute combinations that most frequently contribute to in-
juries.

3. Our Approach
Compared to previous work, our annotation scheme targets
the development of supervised learning methods that can
recognise mentions of a wider range of concepts relevant
to construction safety, and can categorise them in a finer-
grained manner. Thus, in contrast to Gao et al. (2017),
NER will not be reliant on an ontology that lacks sufficient
coverage of domain-specific synonyms, nor will it be re-
stricted to recognising a fixed set of concepts, as was the
case in Tixier et al. (2016a). Although the latter framework
could theoretically be extended, they acknowledge that this
would require involvement of trained content analysts and
re-calibration of the tool.
Creating annotated corpora does, nevertheless, bring its
own challenges. Manual annotation is laborious and time-
consuming, and achieving consistency amongst annotations

http://www.nactem.ac.uk/discovering_safety/
http://www.nactem.ac.uk/discovering_safety/
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Figure 1: Part of the Construction Safety Ontology (Zhang
et al., 2015)

is vital if the corpus is to be useful for machine learning
purposes. Such consistency can usually only be attained by
creating detailed annotation guidelines and training anno-
tators. However, once constructed, annotated corpora are a
valuable resource that can be reused in training and evalu-
ating different tools and algorithms.
We address some of the problems of manual corpus con-
struction by using APLenty, an easy-to-use, web-based an-
notation system (Nghiem and Ananiadou, 2018), which
aims to maximise both the efficiency and effectiveness of
annotation. Firstly, incorporation of active learning (Set-
tles, 2009) means that annotators are only asked to label
the most informative and representative examples, rather
than the entire corpus, thus reducing the time required.
Secondly, the use of proactive learning algorithms (Li et
al., 2017) helps to maximise annotation quality by auto-
matically determining which annotator is likely to label an
instance most accurately, based on their previous perfor-
mance.

4. Annotation Scheme Design
4.1. Structured Knowledge Representations
Ontologies and classification systems constitute models
of domain-specific knowledge. They define fundamental
concept types, and specify how these concepts are linked
via various types of relations to encode different types

Figure 2: Modelling of hazards, sources and consequences
in PAS 1192-6 (BSI, 2018)

of knowledge. Automatically extracting and structuring
knowledge from text according to such models can enhance
effective sharing and reuse of information hidden in text.
Potential uses of this structured information in the construc-
tion domain include integrating safety information within
Building Information Modelling (BIM) software (a widely
used approach to design and construction, using a digital
representation of the building process to facilitate the ex-
change and interoperability of information), coding of oc-
cupational injury and illness incidents (U.S. Department of
Labor Bureau of Labor Statistics, 1997), or the (semi) auto-
matic creation of risk registers (Figure 3 shows a risk reg-
ister format recommended by the British Standards Insti-
tution (BSI, 2018)). We aim to develop a scheme for NE
annotation that is compatible with concepts in existing do-
main specific ontologies, e.g. (Guo and Goh, 2017; Zhang
et al., 2015), while at the same time being able to support a
range of practical tasks, such as those outlined above.
Figure 1 provides an overview of the Construction Safety
Ontology proposed by Zhang et al. (2015), which is com-
patible with BIM. A construction task or activity produces a
building element, e.g., a roof or floor. Specific job steps that
may lead to hazards are further broken down according to
the equipment and materials required. Each activity may be
associated with hazards, which can be controlled through
mitigation recommendations. These require specific safety
measures, which are further split into Training, Inspection,
Safe Guards and Personal Protective Equipment.
In the BSI’s recent PAS 1192-6 recommendations (BSI,
2018) about structuring health and safety knowledge in
BIM (see Figure 2), activities are also seen as sources of
hazards, as are specific products (parts of structures, prefab-
rications, materials and substances) and locations of work.
This model also incorporates the specific consequences of a
hazard (injuries, ill health and fatalities); the identification
of such consequences can be important in compiling struc-
tured risk registers of the type recommended in PAS 1192-6
(Figure 3), which assess the level of severity of risk conse-
quences. A more detailed analysis of such consequences is
suggested in the Occupational Injury and Illness Classifi-
cation Manual (U.S. Department of Labor Bureau of Labor
Statistics, 1997), where consequences are broken down ac-
cording to the Nature of Injury or Illness (e.g., fractures)
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Figure 3: Example of a structured risk register, taken from PAS 1192-6 (BSI, 2018)

and the Part of Body Affected.
Based on the analysis above, we can conclude that phrases
representing the following types of information are impor-
tant in modelling construction safety knowledge:
• Parts of structures
• Construction work activities
• Building materials
• Equipment used in construction
• Locations, spaces, or features of a building site that char-

acterise the work environment
• Risks, hazards and incidents
• Incident consequences, e.g., specific injuries or illnesses
• Safety measures that can mitigate risks

4.2. Experimental Annotation Phase
With the above in mind, we gathered a small corpus of doc-
ument extracts from the construction sector repository of
the Health and Safety Executive (HSE), which includes in-
cident reports, enforcement activity documents and safety
guidance. An iterative process of experimental labelling,
discussion and refinement between two of the authors (one
with health and safety experience and the other with an-
notated corpus development experience) aimed to explore
whether and how the types of concepts outlined above man-
ifest themselves in a range of relevant document types. The
purpose was to define a scheme that can be used to mark-
up potentially complementary types of information in doc-
uments from range of different textual sources. We tried to
achieve an appropriate trade-off between domain-specific
knowledge that is desirable to encode, and what can fea-
sibly be labelled by annotators in a reliable and consistent
manner, without having to make too many difficult choices.
Important decisions made during this process included the
following:
1. A general Protection Measure category was selected to

label all safety and protection measures. We found that
the finer-grained categories of Zhang et al. (2015) were
not exhaustive of all types of measures found in text;
trying to enumerate additional sub-types (and expecting

annotators to differentiate between them) is considered
too complex.

2. Following the guidelines provided by the U.S. Depart-
ment of Labor Bureau of Labor Statistics (1997), we
separate hazard consequences into Body Part Injured
and Harmful Consequence (break, sprain, etc.). This
type of classification has facilitated analysis of occupa-
tional accidents in various work sectors, including con-
struction (Glazner et al., 2005), and could also be help-
ful for tasks such as assessing consequence severity in a
risk register.

3. Based on the knowledge representations outlined in Sec-
tion 4.1, we originally tried to separate the concept
types of structure, materials and location. However, we
found this distinction to be difficult in practice, since the
choice may depend on subtle contextual cues and/or on
how the situation is viewed. For example, a roof may
be viewed as the location of a hazard or part of struc-
ture, while a flooring slab could be considered part of a
structure if it is already in place, but as a material if is
being laid. We thus decided to use a single, overarching
category, Physical Environment, to cover the three con-
cept types. The exact contribution of such entities to the
description of events (e.g., whether they constitute the
location of a hazard or a material being used for con-
struction) may be more precisely determined by relation
extraction methods.

4. Descriptions of hazardous events may be complex, often
comprising a number of unexpected events that lead to
the occurrence of an incident. This is exemplified in the
following sentence, where the jamming of the section
of steel and its subsequent springing eventually cause
the operator to be struck: A section of steel jammed on
the input trestles and when trying to release it the sec-
tion sprung towards the operator striking his right arm.
Accordingly, words/phrases denoting both the eventual
incident and its precursor events should be annotated, to
allow the identification the types of events that can lead
to a “loss of control”.
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4.3. Final Scheme and Guidelines
In Table 1, we summarise our finalised entity annotation
scheme, which includes seven distinct concept types. The
table provides brief descriptions of each entity type, along
with a number of illustrative examples. A detailed set of
guidelines was also created to assist annotators in the ac-
curate application of the scheme. For each category, the
guidelines are organised under two main headings, which
aim to maximise annotation consistency:
• Scope: the semantic scope of the words/phrases that

should be considered for annotation

• Span: the exact extent of text that should be marked up
when creating an annotation

The guidelines use a range of examples to characterise
more precisely what should be included and/or excluded
from the annotation scopes and spans. As an example,
the scope of the Construction Activity category excludes
verbs such as using, which do not provide meaningful in-
formation about the nature of the activity being carried out.
Meanwhile, adverbs are to be included in the annotation
span of Construction Activity annotations in cases where
they indicate the direction of movement, e.g. climb up,
since directional information could be important in deter-
mining the precise nature of activities that can lead to the
occurrence of incidents/accidents/hazardous events.

5. Annotation Using the Scheme
Four annotators with a health and safety background were
trained in the application of the scheme using the guide-
lines. They then used the APLenty system (Nghiem and
Ananiadou, 2018) to label a total of 600 sentences from
HSE’s repository of desensitised Reporting of Injuries, Dis-
eases and Dangerous Occurrences Regulations (RIDDOR)
reports, which UK law requires employers to complete
when certain types of workplace accidents occur. The open
source status of these reports allows us to make the anno-
tated corpus freely available for research. Two-thirds of the
sentences were labelled by at least two annotators, allowing
calculation of inter-annotator agreement (IAA).
Since the primary purpose of RIDDORs reports is to report
injuries, mentions of protection measures are rare. Accord-
ingly, we decided not to annotate Protection Measure in
this initial corpus. However, our preliminary analysis of
other types of documents, i.e., enforcement activity docu-
ments and safety guidance, strongly suggests that this cate-
gory will be useful when the scheme more widely applied.

5.1. Inter-Annotator Agreement
We calculated IAA in a pairwise fashion, and show the av-
erage agreement rates over the five pairs of annotators with
overlapping annotations in Table 2. The widely used Co-
hen’s kappa is not suitable for calculating agreement here,
because it requires the total number of annotated items to be
known in advance. Hence, we followed a number of other
related efforts (Hripcsak and Rothschild, 2005; Ju et al.,
2019; Thompson et al., 2018) by calculating IAA in terms
of F-score. We show figures for both exact span matching
(cases where both annotators selected exactly the same NE
category and the same text span) and relaxed span match-
ing (cases where annotators selected the same NE category

and overlapping text spans). Although consistent span is
preferable for training machine learning algorithms, the po-
tential variability in textual expression of certain NEs can
make many span selection choices difficult; relaxed match-
ing statistics provide evidence about the extent to which
annotators agree on which NEs to annotate, even when an-
notated spans do not match exactly.
Five out of the six categories annotated achieve relaxed
match F-scores of 0.75 and above, showing that, in most
cases, annotators have a good common understanding about
which phrases constitute NEs and how they should be cat-
egorised. An exception to this is Construction Activity,
which appears to be slightly more problematic to identify,
as do the precise span boundaries of certain entities.

5.2. Discrepancy Analysis
We outline some recurring types of annotator discrepan-
cies in Table 3. Several types of span disagreements con-
cern situations that are already addressed in the guide-
lines, such as the inclusion of structural materials in Phys-
ical Environment spans (e.g., oak staircase) or that anno-
tations of certain categories may span over noun phrases
and their following prepositional phrases, when this is nec-
essary for complete characterisation of the concept (e.g.,
foot of the stairs). In some cases, these specific guidelines
seem to be disregarded by annotators in favour of the more
general rule that spans should be kept as short as possible.
We plan to experiment with enhancements to the guidelines
(e.g., a brief summary of the most important aspects and/or
a flow chart) that would make it easier for annotators to
make more consistent decisions.
Other span discrepancies may result from decisions that can
be difficult to make without a linguistic background; en-
richment of the guidelines with further illustrative exam-
ples may help. For example, the guidelines state that ad-
verbs that follow verbs should be annotated when an ac-
tion/activity can only be correctly understood in conjunc-
tion with the adverb. However, determining this could de-
pend on potentially subtle semantic issues, e.g., since the
action of “raising” is intrinsic to the meaning of hoist, the
inclusion of the adverb up may be considered redundant. In
contrast, slip off denotes a more specific event than the verb
slip alone. A further guideline states that annotations corre-
sponding to actions should only span a verb and its object if
they collectively constitute a distinct unit of meaning, e.g.,
lost his footing, which is very different to the meaning of
lost alone. The verb catch also has a number of possible
senses, which can depend on the nature of the object, e.g., a
body part object (caught his foot) “selects” the meaning of
“becoming entangled”. However, there is still a difference
between this and the more idiomatic lost his footing; caught
would have the same interpretation whichever body part is
chosen, and this interpretation is probably the default one
in a construction context.
Certain annotation scope definitions may also need more
precise definitions. This is especially the case for Con-
struction Activity, which exhibits the lowest relaxed match-
ing rate. We found that “core” construction activities, like
drilling, dismantling, lifting or offloading generally achieve
high levels of agreement. However, other “supporting” ac-
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Category Description Examples
Protection measure Measure or action to increase safety

at work, prevent hazards and/or re-
duce the risk of accidents. Includes:
• General activities to increase safety at work
• Protective clothing
• Equipment, mechanisms and devices aimed at in-

creasing safety

• We have reviewed the [risk assessment] and [safe
system of work] for this task.

• Once on the verge one of the operatives came
across and undid his left [lace up boot]

• We are also looking at retro fitting an [auto hose
feed device]

Body part injured Part of the body injured during a construction-
related incident while carrying out construction-
related activity

• He landed heavily on his [elbow]
• The large roll of protector fell from the worktop

onto the IP ’s [right wrist].
Harmful consequence A change in a person’s physical state or wellbeing

that is a consequence of a harmful incident or a
health and safety issue

• When standing up he felt an [ache] in his lower
back and could not continue .

• Kneeling on concrete while using float to spread
cement caused [alkali burns] through PPE to
knees and shins.

Construction activity Physical activity or action carried out as part of ev-
eryday tasks relating to construction work; excludes
unintended actions/accidents

• They had [loaded] the goods hoist board by board
from a stack at ground level.

• Whilst [exiting] the loft, using a TItan class 1 lad-
der, the injured person lost his footing whilst [de-
scending] the ladder

Equipment Equipment used during the course of car-
rying out construction activities. Includes:
• Mechanical equipment and vehicles
• Equipment used for access to construction sites
• Construction tools (hand or mechanical)

• The Injured person (IP) was working on the
[crash cushion vehicle].

• IP fell while exiting a plot ( 18-19 ) onto a [scaf-
folding platform].

• He was drilling with a [hand held battery oper-
ated drill]

Physical environment Phrase referring to the physical environ-
ment of the construction work. Includes:
• Permanent or semi-permanent structures (includ-

ing parts of such structures and materials used to
build them) that will stay in place once a con-
struction project has finished

• Construction sites
• Natural environments/locations where construc-

tion is taking place

• IP was putting protection film onto [work sur-
faces] in the tenant ’s [kitchen].

• They then pushed the loaded trolley across the
[floor slab] and were in the process of pushing
the trolley up a small [ramp]

• The injury took place on a [construction site].
• The ladder was positioned on the [grass lawn].
• The ramp was made from a 2440 mm x 1220mm

18mm thick [plywood sheet] and screwed to the
[timber supports] underneath.

Hazard Unexpected/unintentional and (potentially) harmful
accident or incident occurring during construction
activities. Includes both:
• Words/phrases denoting events which cause (or

may cause) harm
• Words/phrases denoting unintentional events that

are precursors to the (potentially) harmful event.

• A section of steel [jammed] on the input trestles
and when trying to release it the section [sprung]
towards the operator [striking] his right arm

• The operative [touched] his head on a fire alarm
and received an [electric shock].

• During modification of scaffold, the scaffolder
has over stretched and has [lost footing] on wet
boards causing him to [fall backwards].

Table 1: Summary of named entity annotation scheme for construction safety

Category Exact Span
Match
(F-Score)

Relaxed
Span Match
(F-Score)

Body part injured 0.81 0.92
Harmful consequence 0.72 0.78
Construction activity 0.56 0.68
Equipment 0.72 0.84
Physical environment 0.61 0.75
Hazard 0.57 0.79
Total 0.66 0.79

Table 2: Inter-annotator agreement

tions/activities that form part of these main tasks, or which
are undertaken to prepare for them, are annotated less con-

sistently. Examples include activities like passing some-
thing from one person to another or twisting to fit into a
space. We consider that it is correct to annotate such ac-
tions, given that hazards may equally be present when they
are being undertaken.
While high agreement for Equipment is generally achieved,
we noticed that some disagreements concerned equipment
that is not directly used to carry out construction work,
e.g., lights. Nevertheless, such entities are still considered
relevant, given their potential to contribute towards an in-
cident, e.g., He caught his foot on the lead running to a
plasterer’s light. Similarly, component parts of equipment
may also be relevant, even though we did not mention them
explicitly in the initial guidelines, e.g. a loose rung of a
ladder could cause a fall. Several scope issues with Haz-
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Category Span disagreements Scope disagreements
Body part injured • Specificity: [tendon of] thumb of left hand • Lesser-known body parts: ulna
Harmful consequence • Preposition: cut [through]

• Severity marker: [extremely] painful
• Non-specific locations: internal injuries
• Minor consequences: brushing

Construction activity • Preposition: hoist [up]
• Verb object: drill [a hole]

• Non-core construction activities: opened,
turned, twisted, bend, passing

Equipment • Modifiers: [access] ladder • Not directly used for construction: lights
• Parts of equipment: rung [of ladder]

Physical environment • Material: [oak] staircase
• Specificity: [foot of the] stairs

• General parts of sites/structures: ground, site,
wall

Hazard • Preposition: slip [off]
• Verb object: caught [his foot]

• Confusion (Harmful Consequence): fractured
• Confusion (Construction Activity): bending

down

Table 3: Summary of recurring annotator discrepancies. Disputed span parts are [emboldened in square brackets]

Category Total count
Body part injured 482
Harmful consequence 194
Construction activity 618
Equipment 980
Physical environment 951
Hazard 608

Table 4: Annotation counts by category

ard concern confusion with other categories. Both Hazard
and Harmful Consequence are unexpected and undesirable
occurrences, and as such, they include some degree of se-
mantic overlap. This may explain why, in sentences where
only an injury is mentioned, there was sometimes uncer-
tainty about which category to choose e.g., He fractured
his vertebrae bone on his back. Confusion between Haz-
ard and Construction Activity could occur when the activ-
ity directly leads to an injury, e.g., The Technician involved
dropped a spanner and whilst bending down to pick it up
experienced some discomfort in his back. Here, bending
down is an everyday activity; even though it had conse-
quences, it should not be annotated as a Hazard, as it was
not an unexpected event.

5.3. Annotation Analysis
In Table 4, we show the total counts of each annotated cate-
gory in the initial corpus. These statistics provide evidence
that RIDDORs are very rich in descriptions of the contex-
tual factors of incidents (i.e., the physical environment in
which they take place and the equipment being used at the
time). Since these contextual factors generally correspond
to project attributes that are identified at the planning stage,
there is scope for NER models trained according to our
scheme to automatically identify RIDDORs that have most
relevance to identifying potential risks in a new project.
Mentions of hazards are also fairly numerous (which is to
be expected, given the nature of these reports), as are ac-
tivities being undertaken at the time of the incident. This
provides opportunities to explore how interactions between
the physical aspects of a construction site and the actions
undertaken on-site can result in the occurrence of inci-
dents. The type of body part injured is mentioned for most
hazards, although the number of harmful consequences is

much lower, possibly because annotators were instructed
not to annotate general words/phrases such as injury, since
they do not provide a precise characterisation of the nature
of the harmful consequence.
In Table 5, we show the most commonly marked up words
and phrases in each category. We note that for some cate-
gories, the construction site attributes defined in Desvignes
(2014) and Prades (2014) cover many of the phrases an-
notated. For example, the majority of the most commonly
annotated Construction Activity phrases in our corpus fall
under the construction site attributes of Drilling, Disman-
tling, Transitioning and Lifting/Pulling/Manual Handling,
while many of the most commonly annotated Equipment
entities fall under attributes like Light Vehicles, Scaffold,
Stairs and Powered Hand Tool.
Some of these construction site attributes correspond to
fairly high-level concepts, and hence there is not necessar-
ily a direct link between the phrase annotated in text and the
related attribute (e.g., between the annotated entity drill and
the attribute Powered Hand Tool). However, we note that
these higher-level attributes could provide a useful means
to group textual entities according to the type of concept
that they describe. Table 5 provides evidence that even in
this initial corpus, the annotations can provide evidence of
how these attributes are realised in text in different ways;
applying machine learning algorithms to detect additional
entities with similar characteristics or which occur in sim-
ilar contexts will identify further synonyms and/or terms
related to these attributes, which are likely to go beyond the
information covered in the attribute-specific, manually cu-
rated dictionaries of Tixier et al. (2016a). The application
of an automatic normalisation method, e.g., Thompson &
Ananiadou (2018), could help to map or normalise previ-
ously unseen entities to existing attributes, by taking into
account their surface and semantic level similarities to ex-
isting dictionary entries.
While our annotation may thus be helpful in enhancing
the recognition of mentions of this fixed set of construc-
tion site attributes, Table 5 also provides evidence that
the annotation will be helpful in recognising a broader
range of concepts. For example, while some of the Phys-
ical Environment annotations are also covered by con-
struction site attributes from Desvignes (2014) and Prades
(2014), e.g., Lumber[timber], Piping and Steel, annotations
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Body part injured Harmful conseq Construction act Equipment Physical environ Hazard
back fracture lifting ladder site fell
hand cut drilling vehicle wall slipped
left hand broken dismantling scaffolding floor struck
wrist twisted removing scaffold ground fall
shoulder fractured demolition van roof hit
leg dislocated moving step ladder joist caught
arm laceration lowered drill timber tripped
ankle cutting lift platform beam lost balance
finger bruised walking fixed scaffold first floor fell over
thumb break removed stepladders steel falling
head broke unloading steps slab stumbled
ribs breaking cutting tower scaffold boards slip
right hand jarred dismantle vehicles pier landing
knee fracturing fitting blade pipe trapped

Table 5: Most commonly annotated spans in each category

of more specific parts of structures and/or locations are gen-
erally not covered by these attributes, nor are some Con-
struction Activity terms, such as fitting and cutting.
Since the attributes of Desvignes (2014) and Prades (2014)
are mostly restricted to features of the construction site
(i.e., activities, materials and equipment), they do not gen-
erally cover concepts that we identify in the categories
of Body part injured, Harmful consequence, Hazard and
Protection Measure. Hence, our scheme and annotations
can help to collect evidence about how these concepts are
mentioned in domain-specific documents, which is particu-
larly relevant, given their demonstrated importance in mod-
elling domain-specific knowledge.

6. Conclusion and Future Work
Motivated by the current scarcity of semantically annotated
corpora for the construction safety domain, we have de-
scribed the design of a novel NE annotation scheme that
is specifically aimed at identifying mentions of concepts
that are highly pertinent to identifying hazards, their con-
textual factors, their consequences and possible means to
mitigate them. Corpora annotated according to the scheme
are intended to facilitate the development of tools to sup-
port a range of practical tasks, such as semi-automatic gen-
eration of risk registers and integration of structured health
and safety information into BIM software. An initial effort
to annotate 600 sentences from RIDDOR accident reports
allowed us to verify the utility and suitability of the scheme
in two ways. Firstly, we showed through an average IAA
of 0.79 F-score that the scheme can be applied by differ-
ent annotators in a fairly consistent manner; our study of
annotator discrepancies will allow us to further refine the
guidelines. We can thus aim for an even greater degree of
consistency when we carry out planned work to produce
a much larger corpus annotated according to the scheme,
which will include a wider range of documents from mul-
tiple relevant sources. Secondly, we found that most cate-
gories of entities in the scheme occur with reasonably high
regularity in text, and can thus provide evidence of how a
wide range of relevant concepts can manifest themselves in
text. Especially in conjunction with a larger corpus, the ap-
plication of machine learning techniques has the potential

to push the potential range of concepts that can be discov-
ered automatically considerably beyond the possibilities of
existing tools.
Once we have completed annotation of a larger corpus, we
aim to pursue two additional lines of work. The first of
these will be to normalise entity mentions, in order to map
them to the exact types of concepts that they represent. Al-
though, as mentioned above, it may be useful to map certain
entities to previously-proposed construction site attributes,
the complete range of concepts that we cover extends be-
yond these attributes. Thus, we will need to consider other
ontologies and/or terminological resources, which may in-
clude: the Industry Foundation Classes (IFC) (ISO, 2013),
which covers building elements at various levels of gran-
ularity, and is used in BIM; Uniclass (NBS, 2015), which
includes various types of activities, products, tools and lo-
cations; and clinical/medical ontologies, such as SNOMED
CT (Donnelly, 2006), which covers body parts and injuries.
Secondly, we will create a knowledge graph by extracting
and structuring knowledge contained in construction safety
documents. An end-to-end model (Mesquita et al., 2019)
will be implemented to extract NEs and relations between
them. We will enrich the domain-specific entities detected
with models trained using our corpus with the aid of re-
sources such as ConceptNet (Speer et al., 2017) and DBpe-
dia (Lehmann et al., 2015), which, despite being concerned
with general language, may still help to detect entities that
are relevant within this domain. Subsequently, we will fol-
low an Open Information Extraction approach to the dis-
covery of relations (Cetto et al., 2018), which can extract
a wide range of relation types, without requiring a training
corpus in which relations have been manually annotated.
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