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Introduction: Safety is increasingly being defined not by the absence of harm, but by the presence of capacity to
control critical hazards. However, widely used metrics like the rate of recordable incidents can obscure true
exposure to conditions during work that lead to serious injuries and fatalities (SIFs), especially when these
metrics are used in isolation. To address this gap, we examined whether two new short-term measures of SIFs,
namely the quality of pre-job safety briefs (PJSB quality) and high-energy control assessments (HECA), are
statistically related to conventional and alternative lagging indicators. Method: Field assessment data and injury
records from 31 utility and construction organizations were analyzed to test these relationships. Results: The
results indicate that: (1) a lower injury rate in the past is associated with stronger short-term safety performance
in the future, as measured by more engaged pre-job safety briefs and reduced exposure to high-energy hazards;
(2) PJSB quality is positively associated with the HECA score over short periods; and (3) a higher HECA score is
associated with reduced SIF rates over extended periods. These results indicate that monitoring key safety ac-
tivities and indicators of energy control can serve as short-term measures of SIF exposure that predict future
outcomes. Additionally, combining traditional and contemporary metrics offers a more holistic representation of
SIF exposure, one that balances leading, monitoring, and lagging indicators. Conclusions and practical applications:
Such information may help companies transition from reactive approaches to safety measurement to a balanced
approach that considers input, system monitoring, and outputs.

1. Introduction

Although there have been decades of progress in reducing nonfatal
construction injuries, fatal incidents have proven far more resistant to
change (BLS, 2025). For too long, safety programs have operated on the
assumption that preventing minor injuries would eventually reduce fa-
talities, based on a presumed fixed ratio between low and high-severity
incidents (Anderson & Denkl, 2010; Bayona et al., 2025; Busch et al.,
2021; Krause & Murray, 2012; Martin & Black, 2015). However, this
presumption is increasingly disputed by national surveillance data and
studies comparing causes of various injury severity types (e.g., Bayona
etal., 2024; Hallowell et al., 2021). Mounting evidence suggests that the
characteristics of hazards themselves differentiate between high and
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low-severity outcomes (Bellamy, 2015). Specifically, serious injuries
and fatalities (SIFs) are characterized as the outcomes resulting from
uncontrolled high-energy releases (Manuele, 2005; Martin & Black,
2015; Hallowell et al., 2017), where existing barriers and task-specific
work plans were either absent, inadequate, or transgressed (Bayona
et al., 2024). Thus, practitioners are moving away from generalized
safety efforts to those that target SIFs prevention (EEI, 2025). Despite
this shift, companies continue to measure safety performance based on
injury rates and other similar measures that are dominated by high-
frequency, low-consequence events, such as nonfatal recordable in-
juries (Janicak, 2009). Consequently, this approach to measuring safety
disproportionately focuses on lower-severity injuries due to a skewed
dataset, obscuring the learnings that could enable SIF-sensitive
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practices.

To address SIFs, organizations need measurement approaches that
focus on conditions that are predictive of high-consequence events. Such
approaches move beyond incident recordkeeping to incorporate in-
dicators that: (1) capture high severity potential during ongoing work,
(2) align SIF differentiators with contemporary safety paradigms, and
(3) reflect valid correlations between the variables of interest. To put it
differently, organizations need to know which safety efforts translate to
long-term reductions in SIFs. Consequently, some researchers and
practitioners have explored SIF-focused metrics that prioritize severity
over frequency (Cooper, 2019). These include SIF precursor analysis (e.
g., Krause & Murray, 2012; Martin & Black, 2015; Alexander et al.,
2017; Hallowell et al., 2017), task-based risk assessments (Taubitz,
2018), and high-energy control assessments (Oguz Erkal & Hallowell,
2023), which all focus on the work conditions that could lead to SIFs.
Collectively, such assessments offer the potential for a balanced and
targeted approach to SIFs prevention. When used together, they may
help identify where safety interventions are needed, how much is
required, and how improved short-term safety capacity relates to long-
term safety outcomes (Oguz Erkal & Hallowell, 2023). Although a
balanced approach to safety measurement has been proposed in the
literature (e.g., Lofquist, 2010; Oguz Erkal et al., 2023; Reiman & Pie-
tikainen, 2012), the empirical links between short-term metrics and
long-term outcomes have yet to be demonstrated.

Thus, we tested the statistical relationship between a SIF-focused
leading indicator, a novel monitoring indicator, and injury rates for 31
different utility and construction organizations. Specifically, we tested
the hypothesis that quality of pre-job safety meetings and the extent to
which high-energy hazards are controlled (i.e., two short-term measures
of SIFs) have an empirical relationship with long-term SIF rates.
Examining these connections is a key step towards understanding how
short-term measures of safety activities and conditions translate into
long-term safety performance.

2. Definitions of safety

Safety metrics are intimately tied to definitions. Without a shared
definition, a metric can misrepresent what it intends to measure.
Therefore, before discussing safety metrics, we must first define what we
mean by “safety.” The widely cited maxim “if you cannot measure it, you
cannot improve it” (Jazayeri & Dadi, 2017) rests on a deeper principle:
we cannot measure what we cannot define. Therefore, before structuring
and testing new metrics, we must first define safety and assess how well
those metrics align or fail to align with that definition.

There is a longstanding lack of consensus around what safety means,
which has yielded a fragmented set of definitions and misaligned met-
rics. Our work is positioned around Conklin’s (2019) view of “safety as
the presence of defenses, not merely the absence of events” (see
Vandeskog, 2024). This view aligns with contemporary theories such as
High-Reliability Organizations, Resilience Engineering, Safety Differ-
ently, Safety-II, and Human and Organizational Performance, which
emphasize adaptability, learning, and systemic defenses (Ball & Frerk,
2015; Conklin, 2019; Provan et al., 2020).

Across contemporary definitions, safety is consistently framed as an
active capacity rooted in defenses, hazard control, and the conditions
that make work go right. Accordingly, safety is described as preserving
positive value (Vandeskog, 2024), enabling intended system perfor-
mance while preventing harm (Provan et al., 2020), emphasizing con-
trols rather than outcomes alone (Conklin, 2019), and reducing risk
through sustained hazard control and accountability (Balderson, 2016),
alongside both preventing things from going wrong (Hollnagel, 2014)
and strengthening the capabilities that make things go right (Dekker,
2014).
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2.1. Measuring what we can define

The intent of this review is not to anoint a single “correct” definition
of safety; rather, it is to identify common themes across definitions and
explain why particular metrics were selected for this study. Problems
arise when safety is defined from one theoretical perspective but
measured from another. For example, defining safety as the presence of
defenses while relying on lagging indicators such as Total Recordable
Incident Rate (TRIR) will not reflect that aim; conversely, defining safety
as the absence of harm while using proactive indicators may appear
successful until a serious incident occurs. Such misalignment creates a
false sense of security, shifts attention toward peripheral metrics, and
undermines benchmarking, since measures grounded in incompatible
constructs cannot be compared with integrity. Therefore, before struc-
turing or evaluating safety metrics, it is important to assess whether
selected metrics are conceptually aligned and to build a balanced set
that tells a more complete story.

Raheemy et al. (2025) proposed a framework (see Fig. 1) based on
input from 518 safety professionals that uses a temporal lens to define
safety in relation to time. In this model, future-oriented definitions focus
on proactive actions (inputs), present-oriented definitions emphasize
current system conditions (monitoring), and past-oriented definitions
reflect on outcomes (outputs). These categories correspond to familiar
types of safety metrics: leading indicators, monitoring indicators, and
lagging indicators, respectively. While both leading and monitoring
indicators can be gathered in real-time and reported frequently or any
other shorter-term span, lagging indicators are long-term, as they usu-
ally require multiple months or years to reach stable statistical conclu-
sions (Hallowell et al., 2021).

Rather than forcing a singular definition, the framework makes
explicit which view is being applied and enables more precise evaluation
of metric alignment. In the sections that follow, we use this structure to
assess how commonly used metrics reflect—and sometimes distort—the
definitions they are intended to represent.

3. Safety metrics

Construction organizations rely, to varying extents, on leading,
monitoring, and lagging indicators to measure both short and long-term
site safety performance (Janicak, 2009). Measurement approaches and
associated dependencies vary greatly across organizations, and com-
panies often evaluate these indicators separately rather than collectively
(Lofquist, 2010). Before examining how safety indicators interrelate, it
is important to examine how specific metrics align with the different
conceptualizations of safety and acknowledge their inherent strengths
and limitations.

3.1. Safety as outputs (lagging indicators)

Traditionally, safety has been measured only by incident rates
(Raheemy et al., 2025). This view considers safety as process outputs and
believes that the absence of injuries signifies progress (Petersen, 1998).
Given their desire to reduce incident rates, many organizations continue
to make business decisions using this output approach alone because
these metrics are clear, simple, and consistently applied, which makes
them relevant across organizations (Hallowell et al., 2021; Petersen,
1998). Despite their simplicity, lagging measures have a host of severe
limitations such as:

e First, they are inherently retrospective and reactive. Their absence
may create a false sense of safety as they do not reflect an organi-
zation’s capacity to prevent future incidents or reduce fatality risk
(Lingard et al., 2017).

e Second, these lagging metrics are prone to underreporting, especially
when tied to incentive programs (Lofquist, 2010; Lingard et al.,
2017; Versteeg et al., 2019).
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Fig. 1. Framework aligning safety metrics with contemporary definitions of safety.

e Third, to be statistically stable and meaningful, they require millions
(even hundreds of millions in some cases) of worker-hours of expo-
sure time, which for most companies takes years to accumulate
(Hallowell et al., 2021; Kjellén, 2009; Oguz Erkal & Hallowell,
2023).

Fourth, all injuries are typically weighted equally, regardless of their
extremely different human consequences (Hallowell & Oguz Erkal,
2024). For example, both a fatality and a minor cut on the hand
are counted as equally-weighted single incidents when calculating
TRIR.

Finally, due to their retrospective nature, many lagging indicators
offer limited reliability as predictors of future safety performance
(Hallowell et al., 2021; Hoonakker et al., 2005; Lofquist, 2010;
Petersen, 1998).

3.2. Safety as inputs (leading indicators)

Although safety has been traditionally measured through past in-
cidents (Hinze et al., 2013), researchers have also explored leading in-
dicators, which are measures of safety activities that are framed as input
metrics that predict future safety performance (Hallowell et al., 2013).
Unlike lagging indicators, leading indicators provide an understanding
of the capacity of the organization to operate safely. Measuring the ac-
tivities companies perform to promote safety reflects inputs that “pri-
oritize anticipation and preparation for future safety conditions”
(Raheemy et al., 2025, p.8). Examples include the percentage of job site
toolbox meetings attended by job site managers, the percentage of
audited items in compliance, among others (Hinze et al., 2013).

Although companies are increasingly measuring safety through
leading indicators, these practices remain overly reliant on frequency-
based rather than quality-focused metrics (Oswald, 2020; Bayramova
et al., 2023). This practice hinders the capacity of leading indicators to
reveal weaknesses in safety systems and limits the validity of these as
metrics of safety performance (Golabchi et al., 2024, p. 11). Just like
lagging indicators, frequency-based leading activities are limited by how
many incidents have occurred, as there is a substantial latency between
program implementation and measurable impact. For instance, a low
frequency of pre-job safety meetings or safety inspections does not
identify risk factors such as poor hazard awareness, limited safety con-
trols, or a lack of understanding of work procedures, unless the company
has consistently experienced a poor incident record. A more robust
approach shifts from counting activities to evaluating how well they
improve onsite safety performance and help reduce immediate exposure
to SIFs (Oswald, 2018; Oswald, 2020). For example, Bayona et al. (2024)
found that SIFs are preceded by a lack of proper pre-job planning, where
controls were deemed absent or inadequate.
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3.3. Safety as indicators of present conditions (monitoring indicators)

Monitoring indicators are defined here as a subset of leading in-
dicators that monitor the ability of systems to produce safe outcomes.
This approach focuses on addressing safety conditions in the present time
by checking whether workers are guarded against hazards during
ongoing work (Raheemy et al., 2025). Monitoring indicators of safety
performance, such as compliance audits or observations of active work,
may help overcome the limitations of relying solely on long-term out-
comes by measuring potential losses over the short term (Janicak, 2009,
p-28) and allowing organizations to adjust their safety strategies during
ongoing work. For example, they may track existing controls, worker
behavior, and process safety. However, unlike leading indicators, most
monitoring indicators can be largely influenced by extraneous factors
that are distal to the work environment (Lingard et al., 2015; Reiman &
Pietikainen, 2012). This issue has motivated researchers (e.g., Kjellén,
2023) to investigate short-term measures of available physical barriers
against high-consequence events.

To support emerging approaches in SIF prevention and to align
directly with the concept of safety as the presence of safeguards, Oguz
Erkal and Hallowell (2023), introduced High-Energy Control Assess-
ment (HECA). As defined by the authors, HECA is the proportion of high-
energy hazards (i.e., those exceeding 1500 Joules of physical energy)
with a corresponding Direct Control. Examples of high-energy hazards
include falls from elevations greater than 4 feet, mobile equipment with
workers on foot, and a suspended load. A Direct Control has been
defined as a safeguard that is directly targeted to the high-energy source;
mitigates the energy to acceptable levels where SIFs are no longer the
most likely outcome; and works even if there is an unintentional error
unrelated to the installation, use, and verification of the controls
(Hallowell & Spencer, 2024). Examples of Direct Controls include hard
physical barriers, de-energization with lock-out tag-out (LOTO), fall
arrest systems, and some specialty personal protective equipment like
blast suits. Although HECA is promising, its link to long-term SIF out-
comes has yet to be demonstrated empirically (Oguz Erkal & Hallowell,
2023).

Each type of safety metric provides different information and has
unique strengths and weaknesses. Therefore, exploring the connections
among multiple metrics provides far more valuable insight than using
metrics in isolation (Golabchi et al., 2024; Oguz Erkal et al., 2024).
Although the connections among leading, monitoring, and lagging in-
dicators have been theorized by several authors (e.g., Lofquist, 2010;
Reiman & Pietikainen, 2012), most empirical research has focused on
the leading-lagging relationships. Furthermore, although qualitative
indicators of safety have been proposed (Oswald, 2020), none are linked
to other types of (safety) condition monitoring or lagging metrics.
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4. Hypotheses and contribution to the body of knowledge

The leading-lagging relationship has been widely documented in
literature, with studies highlighting some leading indicators, such as the
frequency of pre-job safety briefs and safety inspections, as stable pre-
dictors of long-term injury rates (Alruqi & Hallowell, 2019). However, to
the authors’ best knowledge, no study has yet examined the empirical
links among quality measures of safety activities, safety conditions, and
long-term injuries. Furthermore, the empirical relationship between
safety indicators integrated into the three temporal themes depicted in
Fig. 1 has yet to be validated empirically. This work contributes to the
body of knowledge by:

1. Examining the relationship between assessments of pre-job safety
brief quality and work conditions that follow immediately.

2. Examining the connection between condition monitoring and long-
term injury rates.

3. Assessing the link between both quality and condition measures and
long-term performance.

This paper explores these connections by looking at one indicator
example from each of the temporal themes described in Fig. 1, namely,
pre-job safety brief (PJSB) quality (a leading indicator), HECA (a
monitoring indicator), and long-term injury rates (a lagging indicator).
This approach deviates from previous research on safety metrics by
directly testing the empirical relationships among two short-term met-
rics directly associated with SIF conditions (PJSB quality and HECA),
with long-term injury rates. To this end, the authors sought to answer
the following research question:

What is the statistical relationship among PJSB quality, the HECA
score, two short-term measures of SIFs, and long-term injury rates across
different companies?

To answer this question, the following hypotheses were tested using
a mix of linear and generalized regression models:

Companies with higher-quality PJSB have more Direct Controls.
Companies with lower injury rates have better PJSB and more Direct
Controls.

Some types of firms have higher PJSB quality and more Direct Controls
than others.

Companies with better PJSB and more Direct Controls experience fewer
injuries.

By testing these hypotheses, the research will elucidate the under-
lying relationships that govern SIF-focused input, monitoring, and
output metrics. Practically, this knowledge will support the imple-
mentation of a combined and balanced approach to safety measurement
through targeted safety indicators that are most predictive of SIF risks.

5. Research methods

To test the hypotheses, a field experiment was designed and con-
ducted on active construction sites across the United States and Canada.
Multiple trained safety professionals evaluated distinct tasks represen-
tative of the work performed by utility and construction participant
organizations. A multi-site and practitioner-led assessment approach
provided the necessary data to explore how the company’s long-term
injury records correlate with the quality of pre-job safety briefs and
the monitoring of site conditions. (Kjellén, 2023; Laitinen et al., 1999). A
diverse and sufficiently large sample promoted a balance between
external and ecological validity by mitigating the risk of losing partici-
pant companies while conducting field assessments in naturalistic
settings.

To reflect the varying severity of injuries, the authors examined both
broad injury rates (i.e., rates including a wide range of injury types
rather than a single category) and specific lagging safety metrics (e.g.,
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the rates of medical treatment or lost-time injuries). Two broad injury
rates were included: TRIR and the severity-based lagging indicator, or
SBLI. Adding SBLI to the research protocol ensured that metrics were
weighed differently based on severity, unlike traditional metrics like
TRIR, where injuries are weighed equally.

The overall research process is outlined in Fig. 2. This multi-phase
effort involved: (1) recruiting utilities and construction companies; (2)
training safety professionals within organizations in the field data
collection protocol (hereafter referred to as the assessors); (3) obtaining
historical injury records of varying severities for each participating
company; (4) collecting field assessment data on pre-job safety briefs
and HECA to obtain stable baseline measures of short-term safety and
validate these data using established inter-rater reliability protocols; (5)
cleaning and pre-processing the data; and (6) testing the hypotheses
using linear and generalized regression models.

5.1. Recruitment of participants and sample size required

Participants were recruited through the networks of the Construction
Safety Research Alliance (CSRA). A total of 31 companies across North
America, representing utility clients and heavy civil, industrial, and
commercial construction contractors, participated in the experiment.
This combined sample enhanced the external validity of the results. Each
participant company provided at least one assessor who collected the
field assessment data for their corresponding organization. This
collaboration with industry practitioners enabled the collection of vastly
more data than is logistically possible with one researcher gathering
data alone.

To get an adequate sample size, the authors distributed the data
collection responsibilities but ensured its quality by training the asses-
sors and conducting inter-rater reliability tests. A minimum sample size
of 15 field observations for pre-job safety briefs plus 15 HECAs per
company was needed to ensure that the average baseline measures were
within acceptable ranges (i.e., within an 85%-confidence interval). This
estimate assumed a sample standard deviation of 25% observed in
previous trials (Bayona Malo, 2025), a statistical power of 80%, and a
5% alpha level. To observe a meaningful correlation between the vari-
ables, at least 26 organizations were required in the full-scale study.

5.1.1. Training of assessors

After recruitment, the assessors were trained and tested in the
application of the PJSB quality and HECA data collection protocols (see
Table 1). A single-day training workshop was delivered by the desig-
nated research personnel, using a standard training protocol for both
HECA and PJSB quality. The training began with an overview of high-
energy hazards and Direct Controls, followed by a description of the
qualities of a high-quality pre-job safety meeting and the elements of the
associated quality assessment rubric (see Table 2; CSRA Construction
Safety Research Alliance. n.d.). Consistency was maintained by using
standardized materials, including slides, interactive videos, talking
points, and handouts. At the end of the training session, participants
should have been able to:

(1) Distinguish between low and high-energy hazards and between
Direct Controls and other barriers;

(2) Identify the elements of an excellent pre-job safety brief
discussion;

(3) Assess the quality of pre-job safety briefs using a standardized
checklist;

(4) Practice with their colleagues to ensure consistency in the
application of the protocol.

To practice with their colleagues in each organization, standardized
data collection protocols for HECA and PJSB quality assessment were
shared and then applied through several practice scenarios. These sce-
narios were produced and validated by the Edison Electric Institute (EEI
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Fig. 2. Research process.

Table 1
Field data collection instruments.

Variable Description of instrument Example statements
PJSB Checklist with binary assessment Controls for each identified
quality (yes or no) of 15 statements related ~ hazard were identified and
score to the task, hazards, and controls discussed (Yes/No)
discussed during a pre-job safety
meeting (See Table 2).

HECA score  Assessment sheet with inventory of  High-energy hazard
high-energy hazards and binary identified: Fall from elevation
assessment of Direct Controls for Direct Control present for this
each hazard identified (1 = present  hazard? (Yes/No)
control, 0 = absent control).

Table 2

PJSB Quality Data Collection Instrument.

No. Item Description

1 Everyone performing the job was present at the meeting

2 The discussion was held as close to the job as reasonably possible

3 Major work steps required to complete the job were identified and discussed

4 Necessary tools and equipment were identified and discussed

5 Hazards associated with the job were identified and discussed

6 Hazards posed by the environment or the surrounding work were identified
and discussed

7 Controls for each identified hazard were identified and discussed

8 All life-threatening hazards and their controls were verbally differentiated and
emphasized

9 Hazards and necessary controls were documented

10 All required permits were discussed before the work begins

11 Potential changes and were identified and discussed and a plan to address
change was created

12 The importance of stopping work to address an unexpected change, or hazard
was discussed

13 Emergency response plans were reviewed, including individual roles and
responsibilities

14 Crew actively demonstrated their understanding of their work steps, hazards,
and controls

15 All crew members participated in the discussion by identifying hazards and

controls

Edison Electric Institute, 2024) and consisted of three videos of pre-job
safety briefs and six images of different construction activities with their
corresponding list of observations During each workshop activity, the
participants individually rated each scenario using the standardized
data collection tools, discussed the results of their collective ratings, and
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then identified differences in their ratings and opportunities for further
alignment.

5.1.2. Training assessment

Before collecting field data, the assessors needed to validate their
knowledge of the PJSB quality and HECA protocols against a standard.
The validation involved obtaining both reasonable levels of consistency
relative to their colleagues and precise scores relative to an answer key.
To be consistent with their colleagues, participants needed to be within
0.5 of the absolute median deviation in the PJSB quality video exercise.
Similarly, the assessors needed to be within two high-energy hazards
apart from the HECA solution for their knowledge to be considered
validated. These calibration thresholds had been validated previously
(Bayona et al., 2025), and only the participants who met these thresh-
olds were deemed as assessors and allowed to collect data in the field.

5.2. Data collection

Two main sources of data were required for this study: (1) field as-
sessments on PJSB quality and HECA for various construction tasks
within participant companies, and (2) injury records across the 31
construction companies. The PJSB quality and HECA data were
collected over a period of three months in 2024. The injury records
spanned 22 months, including 18 months preceding the PJSB quality
and HECA data collection and 4 months following it.

To ensure the reliability of field assessments, assessor competency
was calibrated and confirmed before data collection, while their recor-
ded field assessments were subsequently validated during site assess-
ments through pre-planned and independent assessments conducted by
two researchers at each site. This data validation test assessed the
variability in the field assessments provided by the trained assessors
through the inter-rater reliability metric, which is a widely used tool to
measure the agreement between two or more raters evaluating the same
conditions (Koo & Li, 2016). Therefore, both PJSB quality and HECA
data were validated before using them in further statistical tests.

5.2.1. Measuring PJSB quality

Once the assessors were trained and tested, they observed and
assessed a series of pre-task safety meetings at multiple sites. During
each observation, the assessors attended the pre-job briefings without
intervening in the discussions or decisions made by the crew. Instead,
they used the PJSB data collection instrument to check which of the 15
elements of a high-quality pre-job brief (see Table 2) were present or
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absent at the time of observation. The overall PJSB quality score for each
safety brief was then computed by aggregating weighted scores based on
the binary assessments (1 = present, 0 = absent) for each of the 15
scorecard elements. This computation yielded a continuous variable
ranging from 0 to 100%, representing proportional values.

After collecting the PJSB quality data, its consistency was assessed
using an inter-rater reliability metric. This was done to validate the
reliability of the data gathered by the trained assessors. Cohen’s kappa
(x) was used to quantify agreement above chance between assessors and
researchers, across the 15 scorecard elements. Higher « values indicated
stronger levels of inter-rater reliability. For each company, an overall
Cohen’s kappa score was computed by analyzing the corresponding
assessors’ ratings.

5.2.2. Measuring HECA

In parallel with the pre-job brief assessments, the assessors evaluated
different construction tasks on a regular basis over three months to
collect HECA data. Each HECA corresponded to an observation of one or
more workers within a crew doing a construction task. The HECA score
was then computed as the ratio of the number of high-energy hazards
with corresponding Direct Controls to all the high-energy hazards
recorded at the time of observation. HECAs were done anytime crews
were performing physical work, and the task observed did not need to be
associated with the pre-job briefing evaluated. In some cases, the PJSB
participants were not the same workers performing the tasks later
observed. Therefore, unless the PJSB participants were the same
workers who conducted the work later observed, the hazards discussed
in the PJSB evaluation were different from those inspected in the HECAs.
To preserve the traceability of the organization’s injury statistics, the
assessors were instructed to exclude any work performed by sub-
contractors. Therefore, only self-performed work was included in this
study.

The HECA score data were computed on a continuous scale (0 —
100%). Therefore, HECA’s reliability for multiple assessors in the same
organization was measured through the Intraclass Correlation Coeffi-
cient (ICC). Similar to Cohen’s approach, larger ICC values indicate
strong agreement while lower (or negative) values indicate disagree-
ment between raters, suggesting unreliable assessments. As suggested by
Landis and Koch (1977) and Sun (2011), agreement values greater than
0.80 suggest near-perfect agreement, between 0.60 and 0.80 suggest
substantial agreement, between 0.40 and 0.60 are regarded as moderate,
between 0.20 and 0.40 as fair, and values below 0.20 indicate poor
agreement.

The HECA inter-rater reliability was assessed at both the company
and individual task levels. The combination of company and task-level
analyses provided a more comprehensive view of the inter-rater reli-
ability for heterogeneous organizations and diverse construction activ-
ities. To evaluate company-level reliability, the authors analyzed the
assessments provided by all assessors from the same organization,
including those by the two field researchers involved in the validation
process. Then, for the task-level assessments, the authors compared each
pair of researcher-assessor assessments to compute the overall Pearson
correlation coefficient (p). Therefore, while the company-level estimates
reflect the inter-rater reliability among all the employees in each
participating company (i.e., calibration with their colleagues), the task-
level estimates reflect the correlation of each researcher-assessor pair
who observed individual tasks (i.e., validation against the researchers’
assessments considered as ground truth).

5.2.3. Obtaining injury records

The injury records included the Occupational Safety and Health
Organization’s (OSHA) recordable injuries, the frequencies of first-aid
injuries and SIFs, and the number of employee hours worked that a
participant firm accrued 18 months preceding the data collection and
four months post-data collection. This period established a representa-
tive link between the variables (Lingard et al., 2017).
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These records corresponded to an archival data submission that was
compiled by the research team and were needed to examine the statis-
tical connections among the leading, monitoring, and lagging indicators.
These data were retrieved from OSHA’s Form 300A (OSHA.
Occupational Safety and Health Administration, n.d.) and were
entered by each participant company in a standardized format that
contained each injury count and the corresponding worker hours
monthly. While the number of first-aid injuries and OSHA recordable
injuries were mutually exclusive, the number of SIFs corresponded to
any other injury category. For example, an injury where a worker
permanently lost a finger without being transferred or restricted from
their regular duties could be classified as both a medical treatment case
and a SIF (Bayona et al., 2023). Conversely, a non-SIF recordable injury,
such as a cut in the hand requiring stitches, could only be classified into
any of the medical treatment, job transfer or restriction, day-away-from-
work case, nonfatal injury categories. Participating companies provided
data on six lagging variables. These injury types corresponded to the
number of:

(1) First-aid injuries

(2) Injuries that did not result in work transfer or lost time (i.e.,
medical treatment cases)

(3) Injuries resulting from job transfer or work restriction

(4) Injuries resulting in days away from work

(5) Fatal injuries

(6) SIFs

In summary, eight lagging (outputs), one leading (input), one con-
dition (monitoring), and two firm demographic variables were selected
as variables for this study (see Table 3). The demographic variables
included company size (in terms of the number of hours worked per
period) and the type of company. These variables were controlled by,
given the potential varying injury effects due to company size (McVittie
et al., 1997), and the different safety regulations between utility client
companies and construction contractors.

5.3. Data validation

5.3.1. Company-level assessment (PJSB quality and HECA)

ICC estimates and their corresponding 95% confidence intervals
were estimated using R statistical software version 20 (RStudio Team
2020) based on the average of k raters (usually ranging between 2 and
5), absolute agreement, and a two-way mixed-effects model. The
Cohen’s k and ICC values for both PJSB quality and HECA for all
participant companies evaluated are shown in Table 4. The results
indicated moderately strong overall agreement for both PJSB quality
and HECA. While there is room for improvement as indicated by some
differences in their judgments, these agreement thresholds are consid-
ered acceptable in many scientific fields (Koo & Li, 2016; Alotaibi et al.,
2024).

The inter-rater reliability results revealed varying levels of agree-
ment between multiple assessors observing the same PJSB and con-
struction tasks. For PJSB quality, substantial agreement was observed
between the raters in 11 of 19 companies (58%), moderate agreement in
4 firms (21%), and fair agreement in 4 companies (21%). Similarly, for
HECA, substantial agreement was seen in 10 out of 11 companies (91%),
and fair agreement in 1 company (9%). No company reported poor
reliability. Due to logistical challenges beyond the control of the
research team, there were insufficient data to estimate stable Cohen’s x
and ICC values for 2 and 10 companies, respectively.

Only companies with moderate to strong reliability were included in
the analysis (i.e., x or ICC greater than 0.40). This resulted in five
companies being excluded from further statistical testing. Although this
threshold may be low for clinical research (McHugh, 2012), this
approach appears reasonable for similar reliability studies testing new
protocols (Sim & Wright, 2005), especially when kappa values may have
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Table 3
Variables examined.
Variable Acronym  Definition Variable type
Baseline pre-job PJSB The average proportion of Leading
safety brief high-quality elements
quality observed in a pre-job safety
brief, based on a standard
criterion.
Baseline HECA HECA The average proportion of Monitoring
score high-energy hazards with a
corresponding Direct Control
observed for one crew
performing a task.
Number of first-aid ~ FA Any injuries that donot require ~ Lagging
injuries medical treatment and meet
the set of criteria listed in
OSHA'’s Form 300 (e.g.,
cleaning or flushing wounds on
the skin surface).
Number of injuries MT Any injury that requires Lagging
requiring medical treatment beyond first
medical aid that does not meet the
treatment definition of job transfer or
restricted, or days away from
work.
Number of job JT A case where the employer or Lagging
transfers or health care professional keeps
restricted case or recommends keeping an
injuries employee from doing the
routine functions of their job or
from working a full workday
that the employee would have
been scheduled to work before
the injury occurred.
Number of days DA A case where an employee was ~ Lagging
away from work away from work as a result of
injuries the recordable injury
Number of fatal FT An injury that resulted in Lagging
injuries death.
Number of serious SIF Any injury that resulted in Lagging
and fatal injuries death, near-death, or
permanent injury (Bayona
et al., 2023)
Total recordable TRIR The rate at which a company Lagging
incident rate experiences an OSHA-
recordable incident, scaled per
200,000 work hours (
Hallowell et al., 2021, p.28).
Severity-based SBLI An adjusted injury rate that Lagging
lagging indicator weights injuries by their
relative severity and
aggregates them into one rate (
Hallowell and Oguz Erkal
2024, p.21)
Company size WH Number of worker hours Demographic
accumulated in the study
period
Company type TYPE Either a utility or a Demographic

construction company

been reduced by the high prevalence of positive agreements (i.e., how
often people agreed on an element of a high-quality PJSB being present),
measured through prevalence index metrics (see Table 4; Byrt et al.,
1993).

5.3.2. Task-level assessment (HECA)

When evaluating HECA, the inter-assessor agreement at the company
level was mirrored at the individual task level. A strong correlation was
found between 55 task-rater pair assessments for 37 different tasks
observed during the validation process, with a correlation coefficient of
p (55) = 0.68, p < 0.001 (95% CI = 0.51—0.80). In line with the
company-level assessments, these results suggest moderately strong
reliability between raters when assessing the same task.

181

Table 4
Inter-rater reliability estimates and their confidence intervals.
Company No. Cohen’s PIk 95% CI ICC 95% CI
observers K
1 2 0.87* 0.00 0[.62, - -
1.0]
2 2 0.53* 0.40 0[.06, 1.00 [1.0, 1.0]
0.99]
3 4 0.43* 0.27 0[.29, - -
0.74]
4 2 0.70* 0.33 0[.32, 0.31f [-9.1,
1.0] 0.98]
5 4 - - 0.71* [3.7,
0.99]
6 2 0.47 0.53 0[.02, 0.75 [-9.1,1.0]
0.93]
7 2 0.211 0.40 [-0.31, 0.96 [-0.54,
0.73] 1.0]
8 2 0.86* 0.46 0[.59, 0.95 [-0.61,
1.0] 1.0]
9 2 0.72* 0.20 0[.36, — —
1.0]
10 2 0.21t 0.06 [-0.26, - -
0.69]
11 4 0.32t 0.73 0[.00, - -
0.76]
12 2 1.00* 0.33 [1.0, 1.0] 0.96* 0[.63,
0.99]
13 3 0.90* 0.26 0[.86, - -
1.0]
14 3 0.65* 0.53 0[.47, 0.87 [-0.17,
1.0] 0.99]
15 5 0.36t 0.26 0[.30, - -
0.87]
16 2 0.81* 0.53 0[.47, 0.98* 0[.57,
1.0] 1.0]
17 3 0.91* 0.13 0[.86, 0.61 [-0.26,
1.0] 0.99]
18 4 0.60* 0.40 0[.24, - -
0.86]
19 2 0.81* 0.53 0[.47, — —
1.0]
20 2 - - - 0.94* 0[.69,
0.99]
21 2 0.73* 0.07 0[.39, - -
1.0]

Note. CI = Confidence interval, PI = Prevalence index. * Denotes statistical
significance at the 5% alpha level. { Denotes the companies that were excluded
from further analysis.

5.3.3. Data cleaning and pre-processing

Once the raw data were collected, it was scrutinized and pre-
processed into a consistent and usable format for further processing.
First, any out-of-scope data, such as information about low-energy
hazards, were removed from the field data collection forms. Then,
partner companies were asked to reconcile any missing data, structural
errors, and other inconsistencies in the injury records (e.g., some com-
panies reported the number of days rather than the number of cases of
days-away-from-work injuries). After addressing the data quality issues,
a data diagnostic including leverage and Cook’s distance values was
conducted to identify and remove outliers. As a result, data from three
companies were excluded from the analysis.

Once the data were cleaned, it was manually entered into a consis-
tent format. Baseline measures for both PJSB quality and HECA were
then computed by calculating the sample average of the field assess-
ments at each company and assessing the stability of the ratios between
the sample standard deviation to the sample mean (i.e., coefficients of
variation or CV). These measures provided a reference measure of the
current state of safety of the participant companies. After that, the injury
records were converted into broad injury rates by normalizing them to
the number of worker hours reported by each organization. Two broad
injury rates were used as lagging indicators in this study: TRIR and SBLI.
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Separate injury rates were calculated for each “i” company, considering
both pre- and post-field data collection periods (18 and 4 months,
respectively). These injury rates were calculated using the formulas
described below:

(MT; + JT; + DA; + FT;)*200,000
WH;

TRIR; = (€]

(100*FA; + 500*MT; + 750*JT; + 1500*DA;)*200

SBLI; = WH
i

(2)

5.3.4. Regression models and statistical testing

Descriptive statistics and goodness of fit tests helped determine sta-
tistical models that best fit the data. Equal variance (homoscedasticity)
and normality assumption tests showed that linear regression models
were suited to test the null hypotheses of no relationship among PJSB
quality, HECA, and historical injury rates. Additionally, overdispersion
tests and relative frequency histograms showed that most post-data
collection injuries had excessive zeros (see Fig. 3). Therefore, linear
regression models were used to test links among past injuries, PJSB
quality, and HECA, whereas generalized linear models (GLM) tested the
relationship between both PJSB quality and HECA, with future injuries.
A Bayesian Information Criterion (BIC) and Likelihood Ratio goodness-
of-fit tests revealed that a Poisson count model outperformed more
complex zero-inflated models that accounted for excessive zeros (p <
0.02), which are common in injury data (e.g., Versteeg et al., 2019). The
regression models used to test the hypotheses are shown in Table 5.

As indicated in Table 5, Model 1 tested the mutual link between
baseline PJSB quality and HECA scores, and Models 2 and 3 tested the
relationship among historical injuries, PJSB quality, and HECA. To ac-
count for variability in company size and differences in safety regula-
tions between utility clients and contractors, Model 1 included the log-
transformed hours worked, while Models 2 and 3 included the type of
company as a covariate. Analysis of Variance (ANOVA) and BIC tests
verified the relative contributions of these additional parameters to the
models. Lastly, Model 6 predicted the number of injuries of a specific
type (i.e., FA, MT, JT, etc.), adjusting for the company size.
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Table 5
Regression models tested.
Model Equation
1 HECA; = B, + p1PJSB; + p,log(WH;) + ¢
2 PJSBquality; = fy + p TRIR/SBLI; + f,TYPE; + ¢;
3 HECA; = o + 1 TRIR/SBLI; + 5, TYPE; + &
4 TRIR; = f, + /5, PJSB/HECA; + ¢;
5 SBLI; = f, + p,PJSB/HECA; + &;
6 E[InjurySeverity|;
tog (BRI — gy 1 X+ log(WH)
i

Note. Within the models, h represents an Injury Severity type (either FA, MT, JT,
DA, FT, or SIF), i represents the participant company, Injury Severity is the ex-
pected value of the type of injury for company i, and p;X; is the term for the
predictor variable (PJSB or HECA) with their estimated coefficients (f;).

6. Results
6.1. Descriptive statistics

The final sample consisted of 999 PJSB quality and HECA field
evaluations drawn from 278 companies: 11 in heavy civil construction
(41%), 10 in electrical, gas, and water utilities (37%), and 6 in the
commercial building sector (22%) (see Table 6). The distribution of pre-
job quality and HECA scores for these companies is shown in Fig. 4.
Collectively, these firms accounted for 361 million worker hours in the
22-month study period, where injuries were reported. As indicated in
Table 6, the final sample included a total of 4,992 first-aid injuries,
1,092 medical treatment, 715 job transfer or restriction, 982 lost-time, 4
fatal injuries, and 106 SIFs. On average, participant companies reported
a TRIR and SBLI of two injuries per 100 full-time workers.

6.1.1. Baseline measures of PJSB quality and HECA

Baseline PJSB quality ranged from 0.25 to 0.89, whereas baseline
HECA scores ranged from 0.17 to 0.92 (see Table 6). Baseline PJSB
quality had a mean and standard deviation of 0.62 and 0.15, while
baseline HECA scores had a mean and standard deviation of 0.53 and
0.21. Except for two companies, all participating firms provided a data
sample that matched or exceeded expectations. This limitation did not

| N | I I I I B | L L L L
60 — =
2 104 L, B4 - § w0- -
= = 50 B S 30 -
10 — 10 — =
0 — — 0 — = 0 — —
I I I I I T T T T T 1 I I I I
0 100 200 300 400 0 10 20 30 40 50 60 0 20 40 60
# First-Aid Cases # Medical Treatment Cases # Job Transfer Cases
| I N | | N R R B | I N S R |
60 — =
_ 50 7 - _ & B _ 60 =
© © ©
< 40 — — < 60 — = =
ks 20 L s 40 I~ ks
X X _| L X 20 =
10 - 20
0 — 0 — = 0 —
T T 1T T 1 I T T T T 1 T T T T1
0 10 20 30 40 50 0.00.20.4060.81.0 012 3 45
# Days Away From Work Cases # Fatalities # SIFs

Fig. 3. Relative frequency histograms for post-data collection injuries.
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Table 6
Descriptive statistics for study variables.
Variable N Mean SD Minimum Maximum Total
PJSB quality 19 21.83 7.16 12 41 439
(count)
HECA (count) 27 21 6.25 11 37 560
PJSB 19 0.62 0.16 0.25 0.89 .
HECA 23 0.54 0.21 0.17 0.92 -
WH (in 31 11,648 16,693 42 74,916 361,109
thousands)
FA (count) 31 161.03 275.15 0 1251 4992
MT (count) 31 35.23 77.52 0 415 1092
JT (count) 31 23.06 41.25 0 187 715
DA (count) 31 31.68 60.60 0 248 982
FT (count) 31 0.13 0.34 0 1 4
SIFs (count) 31 3.42 6.69 0 29 106
TRIR" 31 2.00 2.05 0 9.55 -
SBLI* 31 2.08 1.76 0 6.95 -

@ These rates were normalized using 200,000 worker hours for the entire study
period (22 months).

invalidate the baseline measures of PJSB quality and HECA, as the work
performed by the limited-sample companies was relatively stable and
consistent (i.e., earthwork, micro-tunneling, and site cleanup).
Coefficients of variation (CV), computed as the ratio of the sample
standard deviation to the mean, ranged from 18% to 30% for PJSB
quality and from 18% to 95% for HECA, indicating moderate to high
variability in the field observations. 95%-confidence intervals for the
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mean ranged between 10% and 50% of the mean across all measure-
ments, suggesting a reasonable level of precision for PJSB quality but a
broader range for the HECA scores. These results support the use of
mean statistics as a more reliable measure of baseline PJSB quality than
HECA scores. While variability was present in the data, it remained
within acceptable thresholds commonly observed in safety research
(Alotaibi et al., 2024).

6.1.2. Relationship between PJSB quality and the HECA score

Table 7 shows the regression results for Model 1 (see list of regression
models in Table 5), which examined the relationship between PJSB
quality and HECA scores across participant firms. Within this model,
baseline PJSB quality values were significantly associated with baseline
HECA (CI = 0.02, 0.96; p = 0.04), controlling for the number of
employee hours. Practically, each percentage point increase in PJSB
quality could yield, on average, a 0.5% increase in HECA score (i.e.,
proportion of high-energy hazards with a Direct Control). This evidence
supports the hypothesis H1, suggesting that organizations with higher-
quality pre-job safety briefs tend to have more Direct Controls in place.

6.1.3. Relationships among historical injury rates, PJSB quality, and HECA

The results of Models 2 and 3 are also presented in Table 7, where
TRIR and SBLI were used to explain variations in both HECA and PJSB
quality. Statistically significant associations were observed between
PJSB quality and TRIR (p = 0.03), and between PJSB quality and SBLI (p
= 0.03), after controlling for the type of company (utility client vs.

— o
— < T
o
o) 7 —
=
o _| — - M
~ S o
. —_—
ey <y
= | c 9
3 & g ®© 7
o >
2 L B
I Q L
<
o
- 9
o - o -
[ T T T T 1 [ T T T T 1
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
PJSB Quality HECA Score
Fig. 4. Distribution of pre-job safety brief and HECA field evaluations.
Table 7
Linear regressions of links between PJSB quality, the HECA score, and injury rates.
Predictor Target variable Parameter Estimate SE t p-value 95% CI Adj R?
Model 1
PJSB HECA 0.49 0.22 2.22 0.04 0[.020, 0.969] 0.56
Model 2
TRIR PJSB -3.60 1.57 —2.28 0.03 [-6.95, —0.24] 0.23
SBLI PJSB —4.60 1.98 —2.32 0.03 [-8.82, —0.37] 0.24
Model 3
TRIR HECA -3.78 1.52 —2.47 0.02 [-6.93, —0.62] 0.39
SBLI HECA —3.84 1.95 -1.97 0.06 [-7.87, 0.183] 0.34
Model 4
PJSB TRIR —0.04 0.05 —-0.69 0.49 [-0.158, 0.083] —0.03
HECA TRIR —0.01 0.03 —0.50 0.62 [-0.081, 0.049] —0.03
Model 5
PJSB SBLI —0.05 0.08 —0.65 0.52 [-0.227, 0.120] —0.03
HECA SBLI —0.02 0.04 —0.63 0.53 [-0.119, 0.063] —0.02

Note. CI = confidence interval, Adj R? = adjusted R-squared.
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contractor). A significant association was also seen between TRIR and
the HECA score (CI = -6.93, —0.62; p = 0.02). These results provide
support for the hypotheses H2 that organizations with fewer past in-
juries tend to have better PJSB quality and HECA.

These results highlight the role of TRIR and SBLI in explaining the
variation in PJSB quality and HECA. Each additional OSHA recordable
per 200,000 worker hours was associated with an approximate 4%-
reduction in PJSB quality and HECA values. The negative link between
SBLI and pre-job briefs suggests that organizations experiencing a higher
frequency of severe injuries resulting in job transfer, restrictions, or lost
time tend to have less-focused pre-job safety meetings. This finding re-
inforces the idea that better pre-task planning is associated with a
reduced incidence of lost-time or work-restricted injuries.

6.1.4. Relationships among PJSB quality, HECA, and long-term injuries

There was a negative relationship between both baseline PJSB
quality and HECA, and TRIR/SBLI, suggesting that companies with
better pre-job briefs and more Direct Controls experience fewer long-
term rates of recordable injuries. However, as shown in Table 7, none
of these linear relationships were significant at the 5% alpha level.
Although this result does not support hypotheses H4, it only constitutes
partial evidence, as the models had a poor fit, as seen by the low and
negative adjusted R? values.

6.1.5. Differences in PJSB quality and HECA between clients and
contractors

The significant association between historical injury rates (TRIR and
SBLI) and baseline PJSB quality were only found when controlling for
the type of company (client or contractor), suggesting that the type of
company was confounding the true association between PJSB quality
and TRIR and between PJSB quality and SBLI. As indicated in Fig. 5, on
average, clients reported higher PJSB quality and HECA scores than
contractors (A = 22.5%), suggesting differences in the effectiveness of
safety management practices across different types of firms. Therefore,
there is evidence to support H3, which posited that certain types of
companies have better PJSB quality and more Direct Controls than
others. Specifically, the results showed that utilities have, on average,
higher PJSB quality and higher HECA scores than contractors. Inter-
estingly, companies with near-zero PJSB scores (i.e., no formal pre-job
safety briefing) consistently lacked Direct Controls in place. On the
flip side, companies with near-perfect PJSB quality did not achieve
perfect baseline HECA scores, suggesting that other organizational fac-
tors may influence the implementation of Direct Controls among high-
performing companies.
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Fig. 5. Differences in PJSB quality and HECA scores between utility clients
and contractors. Note. The light gray dots show the overall average baseline
PJSB quality and HECA scores across the utilities and contractor companies.
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6.2. GLM results

6.2.1. Non-linear relationships among PJSB quality, HECA, and long-term
injury rates

The GLM results for Model 6 are shown in Table 8, where baseline
PJSB quality and HECA scores predicted the expected counts of specific
injury types (i.e., first aids, OSHA recordables, and SIFs) for four
months’ post-field data collection. This was done to obtain a more stable
relationship between the short-term measures of safety and the long-
term injury rates. Within these models, the relationship between base-
line HECA scores and every injury type was statistically significant at the
5% alpha level. This non-linear regression approach more accurately
represented the distribution of the count (injury) data for more severe
injuries, as seen by the relatively low root mean square errors for fatal
injuries and SIFs (see Table 8). This suggests that companies with higher
baseline HECA scores may expect a reduced number of long-term SIFs
than firms with higher exposure to high-energy hazards. This was also
true for baseline PJSB quality and first aids, and for baseline PJSB
quality and job transfer or work restriction cases. Despite this signifi-
cance, the high Root Mean Square Error (RMSE) values for less severe
injuries suggested a high degree of error in the injury predictions. There
was also a significant relationship between PJSB quality and SIFs, but in
the opposite direction than expected. Companies with higher baseline
PJSB quality showed an increase in long-term SIFs. One possible
explanation is that organizations with more formal pre-job briefings
may have greater transparency and consistency in reporting SIFs, which
leads to a higher number of reported cases.

As indicated in Table 8, HECA is a strong predictor of future SIF risk.
Every percentage increase in a company’s baseline HECA score reduces
the expected number of SIFs by 3%, holding work hours constant (CI =
-0.05, — 0.001; p = 0.03). Therefore, these results support H4, particu-
larly for SIFs, suggesting that companies with more Direct Controls may
expect fewer long-term SIFs.

7. Discussion

This paper explored the statistical relationships among PJSB quality
(a leading indicator), HECA (a monitoring indicator), and injury rates (a
lagging indicator). As indicated in Fig. 6, findings revealed: (1) a posi-
tive connection between the two short-term metrics (PJSB quality and
HECA), (2) a negative correlation between historical TRIR/SBLI and
PJSB quality, and between TRIR and HECA, (3) and a negative associ-
ation between the HECA score and the expected number of long-term
SIFs. These findings are correlational and do not establish causal links.
Specifically, for every percentage point increase in pre-job safety brief
quality, there was a 0.5% increase in HECA, and a 3% reduction in the
expected number of SIFs, holding the number of employee worker hours
constant. Typical baseline PJSB quality scores ranged from 0.25 to 0.89,
while baseline HECA scores ranged from 0.17 to 0.92, with overall
company averages of 0.62 and 0.53, respectively.

The following takeaways stem from our empirical findings depicted
in Fig. 6.

Finding 1: There is a connection between PJSB quality and HECA
(two short-term metrics).

Findings revealed a positive relationship between SIF-focused pre-
job safety meetings and the proportion of Direct Controls for high-
energy hazards across different firms. As anticipated, companies that
conduct more structured and engaged pre-job safety briefs tend to have
more Direct Controls in place. Specifically, for every percent increase in
pre-job quality, there was a 0.5% increase in HECA, holding worker
hours constant. This proactive approach to safety reflects a strong cul-
ture, where structured pre-job meetings and improved controls are part
of a company’s strategies to prevent SIFs.

The observed link between the two unique precursors of SIFs con-
tributes to existing literature by demonstrating the merits of participa-
tory pre-task planning activities on increasing the levels of Direct
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Table 8
Generalized linear model results.
Predictor Dependent variable Parameter estimate SE z-value Wald 95% CI p-value RMSE
Model 6
PJSB FA —0.02 0.00 -8.89 [-0.03, —0.02] 2x10°° 58.97
MT 0.01 0.00 1.14 [-0.07, 0.02] 0.25 17.35
JT —0.03 0.00 —4.89 [-0.05, —0.02] 1x10°° 16.44
DA 0.01 0.00 1.92 [-3.49, 0.03] 0.054 21.19
FT -0.04 0.06 -0.71 [-0.13, 0.10] 0.47 0.23
SIF 0.07 0.03 2.38 [0.01, 0.14] 0.01 1.40
HECA FA —0.02 0.00 -11.9 [-0.02, —0.01] 2x10"1¢ 41.91
MT -0.01 0.00 —3.58 [-0.02, —0.00] 3x10™* 14.08
JT 0.04 0.00 6.11 [0.02, 0.05] 9x10™1° 12.73
DA —0.01 0.00 —4.85 [-0.02, —0.01] 1x10°° 17.50
FT -0.08 0.03 —2.68 [-0.15, —0.02] 7x10 2 0.28
SIF —0.03 0.01 —2.27 [-0.06, —0.00] 0.02 1.31

Note. SE = standard error, RMSE = Root Mean Square Error. FA = number of first-aid cases, MT = number of medical treatment cases, JT = number of job transfer or
restricted work cases, DA = number of days-away-from-work cases, FT = number of fatalities, SIF = number of serious and fatal injuries.
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Fig. 6. Summary of results. Note. Coefficients presented are linear regression coefficients. = Baseline pre-job safety brief quality for each company, HECA =
Baseline HECA score for each company, TRIR = Total Recordable Incident Rate, SBLI = Severity-Based Lagging Indicator, SIF = Number of serious injuries and

fatalities. **p < 0.05.

Controls, which are critical for SIF prevention. Prior studies indicate that
participatory safety activities: (1) increase injury risk awareness
(Swartz, 2002; Roughton & Crutchfield, 2015), (2) improve the under-
standing of safe work procedures and safety concerns (Rausand &
Haugen, 2020), (3) foster a sense of ownership and positive safety at-
titudes (Roughton, 2002), and (4) promote more effective hazard con-
trols (Zheng et al., 2017; Albrechtsen et al., 2019). This research builds
on that foundation by demonstrating that higher-quality engagement in
PJSB correlates with increased crew awareness and improved control
measures for hazardous energy sources directly related to SIF
conditions.

Improved decision-making and crew situational awareness may
partially explain the observed association between the two short-term
safety metrics as well (e.g., Roughton & Crutchfield, 2015; Zheng

185

et al., 2017; Albrechtsen et al., 2019). For example, the PJSB data
collection tool prioritizes the identification of hazardous energy sources
that lack adequate safeguards, prompting teams to discuss gaps in safe
work plans (Albrechtsen et al., 2019). Additionally, incorporating
worker input creates opportunities to collectively surface safety con-
cerns and co-develop alternative safeguards against life-threatening
hazards (Memarian et al., 2023). Field supervisors may incorporate
feedback from pre-job discussions into other safety planning protocols
such as Job Hazard Analyses and Field-Level Risk Assessments to ach-
ieve improved safety performance. Crew leaders and safety supervisors
may also review energy transfer mechanisms for specific tasks to
recommend countermeasures such as new controls, improved barriers,
or specialized training (Rausand & Haugen, 2020).

Finding 2: Organizations with lower injury rates tend to have better
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short-term safety performance (i.e., higher PJSB quality and HECA).

There is an important association between historical injury rates and
short-term safety performance, but in the opposite direction that some
would expect. Findings showed that companies may respond to lower
historical injury rates by improving their pre-job safety brief activities.
Specifically, for every additional OSHA recordable injury, companies
experienced a 3.6% reduction in PJSB quality and a 3.7% reduction in
HECA. This result challenges previous findings by Lingard et al. (2017),
who found that companies throttle some safety activities like toolbox
talks in response to poor injury performance. Nonetheless, this finding
corroborates the complexity in the statistical links between safety ac-
tivities and injury rates found within the literature (e.g., Versteeg et al.,
2019).

The lack of a significant association between historical SBLI rates and
HECA may reveal some gaps in how a stronger safety culture translates
to better safety controls during active work. While disconcerting, this
result is consistent with previous research by Kang et al. (2017), who
found that 88% of construction fall accident victims lacked proper fall
protection systems.

Finding 3: The HECA score is a strong predictor of future fatality risk.

Findings demonstrate that HECA is a strong predictor of high-
severity injuries, including SIFs (See Fig. 7). The results showed that
the likelihood of serious and fatal injuries significantly decreased with
improved levels of Direct Controls. For every percent increase in HECA,
companies expected a 3% reduction in the expected number of SIFs,
holding worker hours constant. This result is consistent with previous
literature, as energy-focused controls have been highly effective in
reducing the risk of fatal crash injuries. Since their inception, airbags
and child restraint systems have saved over 60,000 lives altogether
(Kahane, 2015; Ehsani et al., 2023). These types of controls have also
been effective at significantly reducing the severity of injuries caused by
roadway crashes, with some barriers like median cable barriers being
more effective at reducing injury risk than others such as guardrails (Zou
et al., 2014). These findings corroborate the study results and support
the need for more effective hazardous energy barriers in construction.

The following example illustrates how modest improvements in an
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organization’s baseline HECA score (i.e., its stable average) could lead to
meaningful reductions in serious and fatal injury risk. As seen in Fig. 7,
holding exposure steady at 2 million employee hours worked (i.e., the
median number of worker hours in the study sample, representing
roughly 1,000 full-time employees [FTE] in a year):

e A firm with a HECA score of 0 would be expected to experience
around 2.5 SIFs per 1,000 FTE

e At HECA 0.50, that number drops to about 0.50

e At HECA 0.90, the model predicts less than 0.15 SIFs.

The results showed that PJSB quality is a relatively stable proxy for
HECA and long-term injury rates. Therefore, companies may continu-
ously track both PJSB quality and HECA to identify high-energy hazards
and assess Direct Controls. Although the necessary frequency of these
assessments may vary based on work complexity and company size, it is
recommended that organizations obtain baseline averages that at least
match the sample size from this study, in a short-term period of no more
than three months. This implies obtaining at least 15 assessments of
PJSB quality and 15 HECAs gathered randomly for different tasks and
crews. Furthermore, while a minimum unacceptable threshold for HECA
is still uncertain, organizations are encouraged to provide coaching to
crews and address gaps in existing controls if HECA scores are less than
30%, at which point a SIF becomes a likely event (See Fig. 7).

8. Study limitations

While the statistical methods provided robust insights into the re-
lationships between the short-term metrics and long-term injury rates,
several limitations warrant consideration when interpreting the results.
First, the scope of the data imposed certain restrictions on the general-
izability of the findings, particularly regarding a large, convenient
sample of volunteering companies, insufficient data to run a within-
company or utility versus construction comparative analysis, and the
different reporting patterns for first-aid injuries. Although the under-
reporting of minor injuries has been widely discussed in the literature (e.
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Fig. 7. Predicted number of fatalities per 1000 full-time employees within a company.
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g., Versteeg et al., 2019), the significant effects encountered in more
severe injuries alleviate this issue. Furthermore, although the use of
GLM regression enabled nuanced predictive modeling, it did not account
for the temporal variability of the injury data or unobserved con-
founders that may have explained the relationships found.

Several methodological limitations stem from the nature of data
collection processes involving industry professionals. For instance,
Hawthorne effects may have influenced safety-related practices during
site evaluations. However, Hawthorne effects were likely constant, as
most of the observers were company employees who were familiar with
the employees observed. Additionally, reliance on subjective PJSB
quality and HECA assessments by industry professionals introduced
assessment variability that reflected individual experience, interpretive
frameworks, and organizational norms rather than purely objective
hazard identification. This in turn, reduced the inter-reliability of these
metrics. Lastly, this study did not establish causal relationships. It is
unclear whether fewer injuries originate from more Direct Controls and
more engaged PJSBs or whether firms have more Direct Controls and
better PJSBs because of lower injury rates. The directionality of the links
established should be further examined through longitudinal studies
involving a large sample size.

9. Conclusions and recommendations

The prevention of serious and fatal injuries has become a priority in
the construction industry. Concerned by the persistent plateau in fatal
injury rates, organizations are increasingly seeking alternative evidence-
based strategies to reduce exposure to SIF risks. Emerging safety science
has shown that planning for and controlling high-energy hazards is
crucial to reducing the risks of fatal injury. Therefore, this research
explored and validated a holistic and balanced measurement framework
where novel short- and long-term safety metrics were described in three
temporal themes: as inputs, as monitoring activities, and as outputs of
past performance. Thus, this study examined two differentiators of SIFs,
namely PJSB quality and HECA.

Findings revealed that companies with lower injury rates had more
engaged pre-job safety briefs and higher HECA scores than low-
performing firms. The authors also found a relevant connection be-
tween PJSB quality and HECA, and a reduced number of future injuries,
including SIFs, in high-performing companies. These findings have
relevant methodological and practical implications. Methodologically,
this research protocol demonstrates the ability to generate large vol-
umes of rigorous, mostly reliable safety data through industry-academic
collaboration and standardized training protocols. Practically, the re-
sults may confirm the veracity of the theoretical connections between
quality-based leading, monitoring, and lagging indicators in the context
of SIF prevention. These connections further align with modern defini-
tions of safety that coexist under a logical multi-phase approach that
views safety as inputs to reach desired goals, monitoring of safe condi-
tions, and examinations of past outcomes that reflect the predicted
levels. Overall, the research reveals a general correspondence among
pre-task planning focused on SIF risks, strong levels of Direct Controls
during ongoing work, and better long-term safety performance, as seen
by the correspondence between improved short-term performance and
lower rates of long-term injuries.

This paper provides early empirical evidence that companies can
measure safety differently to obtain a more comprehensive story about
their safety. They can measure safety more stably and consistently by
measuring the presence of controls and predicting long-term outcomes.
This is particularly relevant for companies transitioning from tracking
lagging indicators only to a more balanced suite of leading-monitoring-
lagging metrics that collectively address the limitations of traditional
safety performance assessment.

Future studies can further examine the causal link between the
unique precursors of SIFs and long-term safety performance. Under-
standing this link can further elucidate why organizations are
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experiencing a larger number of serious injuries, and where managers
could intervene to improve critical conditions that lead to SIFs. Addi-
tionally, future research can explore whether utility clients have better
short-term safety performance due to the high-risk nature of their
business or due to different safety regulations. A holistic approach to
safety measurement and a deeper understanding of the mechanisms
leading to SIFs may ultimately contribute to reducing the disconcerting
plateau of fatal injuries in the industry.
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