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ABSTRACT

Construction, by nature of its work, is more accident-prone than other industries despite advancements in
improving safety performance. Proactive mitigation and assessment of safety performance on construction
projects remain challenging due to the difficulty of acquiring, storing, and using data to produce accurate
predictive models. This research is focused on devising methods that allow decision-makers to leverage
existing data in the planning phase to streamline the development of predictive models. A data-driven
approach to predict the probability of a safety incident occurring in a given construction project and within
a novel discipline-level schedule is presented. By implementing the proposed model, decision-makers can
evaluate and mitigate the risk of a given project incident occurring by deploying discipline-level safety
policies in the planning phase and modifying the schedule accordingly. A predictive model is developed
based on selected safety-related metrics extracted from a dataset comprising daily payroll data and incident

reports, which represent 28 million working hours within eight different industrial construction projects in
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Canada. The model was implemented in a case study based on an industrial project to demonstrate the
framework's functionality and practical utility during the project planning phase. The results show that the

revised safe plan can be achieved by incorporating safety considerations in the planning phase.

PRACTICAL APPLICATIONS

This research provides a practical solution for enhancing safety in the planning phase of
construction projects through a data-driven model. By leveraging existing historical data, decision-
makers can predict potential safety incidents within specific disciplines without the need for
detailed quantitative planning information. This approach also enables effective adjustments to be
made to the schedule in order to mitigate risks. Furthermore, the discipline-level approach
facilitates proactive safety planning by implementing discipline-specific safety policies that align

with the unique characteristics of each discipline.

Using a case study based on an industrial project, the proposed framework demonstrates its
functionality and practical utility by identifying suitable safety-related metrics that construction
enterprises typically record. These sources can include safety-related data, such as incident reports,
as well as data recorded for other purposes, such as payroll data. The results highlight that
incorporating safety considerations in the planning phase enables the development of a revised
safety plan. In conclusion, the key takeaway is that by considering safety-related metrics and
utilizing HR data available in all companies, organizations can proactively assess and improve

safety performance.

INTRODUCTION
According to the Association of Workers' Compensation Boards of Canada (2019), the number of
accepted lost-time claims per year in the construction industry has increased by 9% from 2016

(25,514) to 2018 (27,952). Additionally, the number of fatalities in the Canadian construction
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industry is higher than in any other industry, with 202 deaths recorded in 2016 and 199 in 2018
(AWCBC 2019). According to estimates from the International Labor Organization (ILO), an
average of 4% of annual global Gross Domestic Product (GDP)—adding up to trillions of
dollars—is lost due to direct and indirect costs incurred as a result of occupational accidents and
diseases, which includes lost working time, workers' compensation, interruption of production,
and medical expenses (Takala et al., 2014). Although AFPM (2017) demonstrated that the incident
rates had decreased greatly in the heavy industrial sector when measured over the past 30 years
(Recordable Incident Rate reduced by more than 1000%), there is still great concern about events
with a serious injury or fatal consequences as they have remained consistent. Due to the
construction industry's impact on Canada's economy, the improved safety performance of

construction projects is critically needed.

Based on the literature, there are many causes for accidents at construction sites, and a holistic
approach has to be considered to mitigate hazards (Ahn et al. 2020; Mohammadi et al. 2018;
Pereira et al. 2020). Decision-makers should be aware of how they can impact project safety
performance. For instance, poor project scheduling can impact safety performance by 1)
generating delays and increasing the pressure on workers (Han et al. 2014; Mitropoulos et al.
2005); 2) developing site congestion — increasing the probability of workers being struck-by
heavy equipment (Ahn et al. 2020; Zhang et al. 2018); 3) increasing the number of inexperienced
people on, and 4) increasing the crew size and consequently reducing the number of inspections

and safety observations (Jiang et al. 2015).

Although there is no doubt about how different aspects of a project can impact the occurrence of
incidents, it is still challenging to integrate decisions from various project factors to mitigate

incidents and assess safety performance proactively. Issues may arise because construction
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practitioners have difficulty identifying safety measures, collecting data, and proactively assessing

the impact of factors on safety performance (Pereira et al. 2018a).

From a theoretical perspective, three levels can be considered for safety assessment: the first is
project level, the second is discipline level, and the third is crew level. The project level has the
least details (broadest) to plan for safety, and the crew level has the most details (finest). The most
common approach is assessing safety performance at a project level, which may not be feasible in
practice as there is insufficient detailed information available for safety planning (Goh and Chua
2013; Karakhan et al. 2018; Lingard et al. 2017; Salas and Hallowell 2016; W Guo and Wing Yiu
2016). Therefore, practitioners find making decisions based on project-level models challenging
since their results may neither be economical nor produce the required output. For example, if a
project has a large crew size, reducing the crew size in a specific discipline may not necessarily
improve the project’s safety performance as much as another measure (e.g., workers' age). In other
words, evaluating the crew size for each discipline is essential rather than the overall evaluation in
the entire project context. Hence, discipline-based evaluations are preferred rather than project-

based evaluations.

Another practical challenge is related to data acquisition and utilization. Small companies have
difficulty collecting safety-related data (e.g., available resources (Bavafa et al. 2018)). Some
companies may not have the knowledge or skills required to produce safety predictive assessment
models (Boon et al. 2019) using techniques like Machine Learning (ML) algorithms. Large
organizations may have issues with data silos — the data repository — as it is not easily accessible
to the entire organization. Although Pereira et al. (2020) demonstrated that integrating different
department databases may lead to the development of better models to predict safety, concerns

about privileges and sensitive information hinder database integration in practice. Moreover,
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departments may collect information from different levels (e.g., project, discipline, and task),
which may make it impossible to integrate all into one single model. This study proposes to use
Human Resources (HR) data (e.g., payroll), a common database among all companies, to address

the data acquisition problem.

The HR dataset is one of the most reliable datasets, with considerable attention given to it because
of its monetary aspect. Moreover, it is very informative and is often made available due to
regulations. Several safety-related measures can be identified from this database, such as workers'
age and experience, job type, number of workers, new workers' rate (i.e., the rate at which new
workers are deployed to work on the project), the number of supervisors, etc. This manuscript
presents a case study that uses the payroll database in a data-driven approach for deploying safety
policies for discipline-level schedule planning. The approach described herein was able to identify
several safety-related measures that companies can use to proactively measure safety performance

at the discipline level without relying on subjective decisions.

Based on these measures, a predictive safety (or incident) assessment model is suggested, and a
case study on using the findings in practice is presented. The approach presented in this manuscript
may help organizations use their payroll database to derive safety models to proactively test

scenarios and control the safety performance on construction projects.

The novelty of this paper is to proactively improve safety in a discipline-level schedule (in the
planning phase). This prediction is through the novel data acquisition from a reliable, unbiased,
and objective payroll dataset, which is commonly available in all companies. Moreover, this
research can facilitate the safety forecast by planning based on qualitative data to evaluate the
safety of various possible what-if scenarios. Therefore, the practitioners can consider the safety of

the schedule in the planning phase.
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LITERATURE REVIEW

Deficient project scheduling is considered a root cause of construction accidents as it leads to time
pressure on workers, with subsequent problems including trade overlap, crowded workspaces, and
reduced attention to detail (Haslam et al. 2005; Neale and Gurmu 2021). It is believed that safety
can be improved by considering activity information regarding the number of workers, including
their occupation types, in the schedule (Choe and Leite 2017), and by minimizing the number of
workers on congested sites (Anvari et al. 2016). However, empirical data — needed to estimate
risks accurately based on these constraints — is usually not captured, leading to a decision-making
process that relies on subjective opinions. In addition, attributes such as the fundamental
characteristics of the work site and environment (e.g.; weather, uneven surfaces, specific tools,
and equipment (Hallowell et al. 2020)), as well as features of the workforce (e.g.; age, experience,
crew size, and specific trade) can also contribute to safety incidents. The combination of these
attributes that define the overall work environment can be used to predict safety outcomes

(Hallowell et al. 2020; Tixier et al. 2016a).

Construction companies typically record some information on several safety indicators at the
project level (e.g., site inspection logs, hazard reports, injury reports, etc.) to meet the regulator's
requirements (Versteeg et al. 2019). Usually, this information is only provided to the safety
department and is not used for predictive purposes (Pereira et al 2020). However, companies still
need to be proactive and incorporate measurements of valid and reliable metrics that may be
causally related to the occurrence of incidents or injuries (Lingard et al. 2017; Versteeg et al. 2019).
New technologies, like wearable devices, automated data collection, bar codes, etc., enable

companies to capture more data related to safety issues (Ahn et al. 2019). Further research in the
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area is still needed to access quality data. Nevertheless, there are still practical challenges on how

to use the data to improve safety management in practice.

To analyze the collected data stored in different data sources, statistical and ML models have been
applied widely to predict safety outcomes in construction projects at the early design stages. As
stated above, one practical challenge is the lack of consistency regarding the safety outcomes and
predictors measured across projects and organizations. This lack of consistency may result in the
need for different prediction approaches on a case-by-case basis. For example, Esmaeli et al.
(2015) tested the validity of generalized linear models to predict safety outcomes based on a large
volume of data on attributes that cause "struck-by" accidents. Poh et al. (2018) used an ML
approach to develop a model that forecasts accident occurrence and severity of construction
worksites based on project-related and safety-related input features. Kang and Ryu (2019)
proposed a Random Forest model that can predict occupational accidents based on accident and
weather data and suggest which management features significantly contribute to the forecast.
Sarkar et al. (2019) developed optimized ML-based models to predict incident outcomes at the
workplace using Support Vector Machine (SVM) and Artificial Neural Network (ANN)
algorithms on incident reports data. Baker et al. (2020) used a large dataset of over 90,000 incident
reports and various ML algorithms to develop a model that predicts injuries and their severity and
shows which attributes have high predictive power when the safety outcomes are external and

independent.

Although several ML algorithms have been proposed, their use in proactively assessing safety
performance in companies is not common. Several challenges exist since it is expected that a single
set of metrics may not be suitable for all construction industry sectors (Nasir et al. 2012). These

issues present a challenge regarding the selection of data that should be collected to predict safety



167

168

169

170

171

172

173

174

175

176

177

178

179

180

181

182

183

184

185

186

187

performance. Therefore, we propose a data-driven method that leverages HR data, commonly
recorded for reasons beyond performance metrics, and allows for an adequate model selection
based on the available data. This approach should be flexible enough to incorporate new variables

as their impact on safety is better understood.

METHODOLOGY

This paper reports on the experience obtained in a case study that implemented a data-driven
approach to predict the probability of a safety incident occurring within a month based on
preliminary schedule planning information. The predictive model used in this approach was
developed based on daily payroll information from previous projects and dated safety incident
reports. The model was implemented in a hypothetical case based on an industrial project to
demonstrate the framework's functionality during the project planning phase. Figure 1 depicts an

overview of the methodology followed in this study.

Project Background

The functionality of the proposed framework is illustrated through a hypothetical case study
inspired by a previous study (Taghaddos et al. 2021). This case study demonstrates that an
industrial construction enterprise can use the data available from various departments within the
enterprise to devise methods for predicting safety incidents based on discipline-specific
information. The case study also exemplifies the framework's functionality during the project
planning phase. The case study focuses on the planning phase of a small (6-month) in-situ drainage
oil sands project in Alberta, Canada, and mainly involves five disciplines: civil, operators,

pipefitters, electrical workers, and ironworkers.
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The case study analyzes the risk of accident occurrence over the 6 months of the project at the
planning phase based on qualitative data. Data categorization was implemented based on 28
million working hours of historical data. Utilizing the discipline-based incident predictions
generated by the proposed model, the project plan was adjusted accordingly to mitigate safety
risks. This case study provides a concrete example of how a construction enterprise can put to use
existing data within the proposed framework and apply it to a real-world scenario. Moreover, it
demonstrates the manner in which the framework can be tailored to meet the unique needs of

various disciplines within the construction industry.

Data Collection

A large dataset of approximately 28 million working hours was collected across eight industrial
construction projects in Canada. The dataset reports different features obtained from daily payroll
information: working hours, age, work experience, time working on the project of workers and
foremen, crew sizes, number of operators, changes in the number of workers in the project, and
project progress. The data were categorized into five trade disciplines (electrical, ironworkers,

pipefitters, civil, and operators).

Safety reports were collected to determine the monthly occurrences of incidents related to each
discipline in each project throughout the data collection period. Incident reports, lost-time injuries,
medical aid injuries, and modified work injuries were considered safety incidents. The payroll
information dataset and the monthly safety incident occurrence information were collated and
integrated into a single dataset. Table 1 shows the features contained in the final dataset. A monthly

data record was collected for each discipline in each project.
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The data is split into four qualitative categories: very high, high, moderate, and low. The value
categories range from 4 (very high) to 1(low). This qualitative categorization can ease the use of
the model in the planning phase. For example, the practitioners have some ideas about time-
dependent crew size during the project (i.e., how it varies during construction) but do not yet have
the exact numbers. For example, let's assume July is the peak month for the structural-steel
discipline's work in a particular project; hence, one can predict a large crew size will be required
in this case. Such high-level prediction can easily be combined with planning to improve safety

measurements.

Table 2 shows the number of data points collected for each discipline in this study. Each data point
represents information (reported monthly) on the features listed in Table 1, including the
occurrence of each reported safety incident (i.e., the target variable). The incident rates per
discipline were found to be as follows: ironworkers (34.93%), pipefitters (52.72%), civil (47.45%),

operators (3.78%), and electrical workers (20.74%).

Model Development

The final dataset was retrieved from eight industrial construction projects. Ten input features were
selected by applying the Boruta feature selection algorithm, which iteratively removes features
that prove to be less relevant than random probes (Kursa and Rudnicki 2010). These ten features
are categorized into five different trade disciplines. Five different ML models (Taghaddos and
Mohamed 2021): SVM, Decision Tree, Naive Bayes, Naive Bayes (Kernel), and Fast Large-
Margin, were developed from the resulting dataset containing the ten selected predictor features
and the target variable (whether or not a safety incident occurred). A cross-validation method was
implemented to select the model that worked best for the collected data by comparing the

prediction performance of the five developed models (Zhang and Yang 2015) using two measures:
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accuracy and incident recall. Accuracy measures the percentage of correctly predicted records,
whereas incident recall measures the true positives recognition rate (Al-Turaiki et al. 2016). In the
context of construction safety, a false negative (i.e., predicting an incident as a "No incident") is
more expensive than a false positive (i.e., predicting a safe situation as an "incident™) because false
positives only impose precautions to the system. For this study, an incident recall with a 75%
threshold was considered an important criterion for model selection. The framework was
developed using the educational version of the well-known data-mining tool, RapidMiner Studio
(Mierswa and Klinkenberg 2018). A screenshot of the developed model, as it appears in the data-

mining software, is provided in Figure 2.

Model Implementation

The proposed model was implemented in the hypothetical case study described above to
demonstrate its successful utilization in adjusting the project plan based on discipline-based
incident predictions. The model was applied to predict monthly occurrences of incidents on the
original program with planned information. A sensitivity analysis was performed on different
planning strategies considering modifications to the predictor features to reduce the number of

predicted incidents.

RESULTS
Table 3 shows the ten selected predictor features. These features are selected by applying the

Boruta feature selection algorithm to the dataset and using experts’ opinions.

Five ML models were then developed and applied to the dataset to predict the target variable (i.e.,
whether or not an incident occurred) based on the selected predictor features. This process is

illustrated in Figure 2. In this figure, “CV” represents the cross-validation techniques in each
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model. The accuracy and incident recall of the prediction performance of the models were
measured and compared after applying a cross-validation method. Table 4 shows the prediction
performance measures of the five models. Based on the results in Table 4, the Naive Bayes
(Kernel) model was selected to demonstrate the framework's functionality in a hypothetical case

study.

Similar to the eight-project data stored in a database of industrial projects, the case study project
involves discipline-specific information. As such, the safety prediction incident results are also
discipline based. Moreover, the predictions are time-dependent since the prediction depends on
the features for the selected time period. Table 5 presents the original project schedule (Scenario
1). As demonstrated in the framework description section, each discipline is considered an
individual data point. The framework analyzed 28 entries for 6 months (civil, pipefitters, and

ironworkers) or 4 months (electrical/operators).

In Scenario 1 (Table 5), the framework assessed the entries based on the trained model and with
the original planning strategy, it predicted ten incidents (which is equivalent to 35% of the entries)
within the 6 months — Pipefitters (4), Civil (2), Ironworkers (3), and Electrical (1). In Scenario 2
(Table 6), a tentative planning strategy is used to reduce the number of accidents. Due to the
framework's ability to consider a variety of strategies capable of reducing the likelihood of an
accident, the following discipline-based mitigation strategies were adopted (individually or
grouped): decreasing the percentage of foremen older than 50 years, decreasing the rate at which
new workers are deployed to work on the project, reducing the crew size, increasing workers with
more than 3 years of experience, and reducing discipline working hours. The output results shown
are accident-free, reinforcing the framework's ability to test different planning strategies to

improve the project safety performance.
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It is important to mention that just one discipline (Pipefitter — month 3) is required to reduce the
working hours. This strategy should be considered carefully since reducing working hours may
lead to further project completion delays and/or increase production pressure on workers in the
months ahead. The case study demonstrated that discipline-level data can produce better-tailored
strategies than those developed for the project level. As Pereira et al. (2020) suggested, crew size
is a factor that may impact project safety performance, and increasing the number of foremen may
reduce the likelihood of accidents. The framework presented in this research demonstrated that
reducing the crew size, not considering the discipline, may lead to increased project cost and would
not improve safety performance. Moreover, the framework also demonstrated that schedule
planning strategies such as new workers rate (i.e., the rate at which new workers are deployed to
work on the project), discipline working hours, discipline-based progress, and accumulative
working hours should be considered concomitantly with their impact on the project safety

performance.

While some features can be considered in the planning phase, others may assist the organization
in identifying flaws in the Safety Management System. Workers' and foremen's age features show
that a reinforcement of the organization's policies should account for this specific group to ensure
they are better prepared to identify hazards or follow safety procedures. The impact of workers'
experiences also demonstrated that safety induction and safety training should assess the workers'

abilities to retain the course knowledge and apply it in practice.

DISCUSSION
This case study validates the premise that the proposed predictor features in Table 3 can predict
the occurrence of safety incidents, enabling an informed decision-making process regarding

discipline-level schedule planning. The approach can simulate risks for any context, including new
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work if the fundamental attributes remain stable (Hallowell et al. 2020). The proposed framework
predicts the likelihood of a safety incident occurring, overcoming a common limitation of
traditional attribute-based safety risk assessment, which predicts the outcome of an incident should
one occur (Choi et al. 2020; Esmaeili et al. 2015; Hallowell et al. 2020; Koc et al. 2021; Tixier et

al. 20164a; b).

The proposed framework uses historical data, both at the business and project management levels,
to discover data-driven knowledge and use it to support project management decisions, as
advocated by You and Wu (2019). The study emphasizes the importance of effective data
management in the context of construction safety. The method incorporates metrics extracted from
daily payroll data, which are typically not used in traditional safety planning. By leveraging
existing data, the method streamlines the development of predictive models for safety incidents,
equipping decision-makers with a useful tool for the proactive assessment and mitigation of risk.
Another novel feature of the developed framework is its ability to adjust the construction plan
based on safety incident predictions in order to mitigate risk. These adjustments could include
changing the crew composition, crew size, or time-dependent discipline working hours, all of

which can affect the project duration.

The case study presented in this paper demonstrates how a data-driven model can be incorporated
into the scheduling process contributing to safety planning. This finding agrees with Yi and
Langford (2006), who advocate for scheduling construction to reduce accident risks. The
suggested discipline-based scheduling is aligned with Hallowell and Gambatese (2009), who

recommend considering risks based on activities to target high-risk activities in safety programs.

The feature selection process results align with other studies predicting safety outcomes. For

example, Rivas et al. (2011) identified "task duration in hours", "length of time doing the job",
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"job type" and "worker age" within the five most relevant features predicting accidents. Poh et al.
(2018) used the Boruta algorithm, and the features "percentage of project completion” and
"average monthly project manpower" were within the selected features to predict accident
occurrence and severity. Choi et al. (2020) also found that "age" and "service length" were among
the most important factors in predicting the likelihood of fatal accidents. These factors are
commonly associated with accident precursors (Pereira et al. 2018b). While the proposed model
does not attempt to uncover underlying causality, these alignments with knowledge of the
construction safety domain were essential during the development of the model and the subsequent

interpretation of its predictions (Mannering et al. 2020).

CONCLUSION

This manuscript proposes a novel data-driven approach for deploying safety policies for discipline-
level schedule planning. This novel approach enables practitioners to account for safety
considerations in the planning phase and proactively make appropriate decisions without needing
detailed quantitative information. Five ML models were developed from payroll data collected in
eight large industrial construction projects. The accuracy and incident recall of the prediction
performance of the models were measured and compared to select the model that worked best on
the collected data. Subsequently, the practical utility of the model was demonstrated through a

case study.

The findings reveal that the predicted occurrence of safety incidents can be reduced by modifying
the predictor features during the project's planning phase, achieving a safer planning strategy. In
the case study project, the original plan and schedule were revised based on discipline-specific
tentative planning strategies—e.g., decreasing the rate of new workers and crew sizes (to varying

degrees depending on the discipline). Accordingly, the incident rate was reduced from 35% to 0%,
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resulting in an incident-free plan. The discipline-based safety plan for the early planning stage as
proposed herein is beneficial to practitioners in that it provides the basis for expanding the plan to

the work-package level later in the project.

This study makes three important contributions to knowledge and practice in this domain. First, it
provides a framework for proactive safety improvement in the planning phase and for deploying
discipline-level safety policies by identifying suitable safety-related metrics that construction
enterprises typically record for other purposes. In this manner, it helps with tackling the large
volumes of project-level data to identify, capture, and analyze the features that affect safety
performance by leveraging existing data for model development. Moreover, the discipline-based
approach used in the case study demonstrates the adaptability of the proposed framework to meet

the discipline-specific needs, and align with the unique features, of the construction industry.

Second, it provides a novel data acquisition method. Specifically, this study demonstrates that
payroll data and incident reports, which tend to be more reliable and unbiased than other data
sources due to their monetary/regulatory nature, can be used to develop a model for safety-related

decision support.

Third, this study integrates discipline-level scheduling with safety prediction. A key consideration
in this regard is that the discipline-specific level of scheduling is not so high-level as to miss the
vital discipline-specific features that are important in decision-making (such as in the case of
project-level scheduling), and not so detailed as to make planning and decision-making

cumbersome (such as in the case of crew-level scheduling).

The authors believe that this research can help project practitioners identify which data should be

collected in their projects and define strategies to improve their construction plans in terms of
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safety based on insights emerging from the data. By leveraging the data-driven discipline-level
safety prediction model, project teams can make informed decisions and implement proactive
measures to enhance safety performance. Furthermore, the model's flexibility allows for the
inclusion of additional factors specific to each project, ensuring a comprehensive and tailored
approach to safety management. For example, in a heavy construction project involving excavation
work, factors such as the type of equipment used (e.g., excavators, bulldozers, etc.), as well as the
competency of equipment operators, can significantly influence safety outcomes. Ultimately, this
research aims to contribute to the advancement of construction safety practices by promoting

evidence-based decision-making and proactive risk mitigation strategies.

LIMITATIONS and FUTURE WORK
While the developed framework has been found to be capable of predicting the probability of a
safety incident occurring in a construction project and within a novel discipline-level schedule,

this study is subject to certain limitations.

One notable limitation is the lack of worker-level data that could lead to more accurate predictor
features. For example, research has shown that the psychological status of workers on the site
directly influences unsafe behaviors (Guo et al. 2017); however, this feature is difficult to measure
or predict. Particularly as some types of worker-level data are typically subject to data protection
laws. In future work, site-related data at the project level should be collected (in the form of
incident days and incident-free days) in order to develop a more comprehensive model (Choi et al.

2020).

The example presented in this paper can be developed further by enhancing the dataset. The dataset
could be expanded to include near-miss incidents, which would add an additional metric on safety

performance (Shen and Marks 2015), provided that the incident reports specify the trade(s)
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involved in the incident and therefore are aligned with the data structure followed in the present
study. In this manner, the prediction of near-miss incidents could be incorporated to build upon

the present work.
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Figure 2: Developed model using RapidMiner Studio
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TABLE 1. Features collected from daily payroll information

feature name

Description

Proj_id"
WH_month
WH_cml
WH_cml-pct
WH_diff
Age_wrks-30-less
Age_frmn-30-less
Age_wrks-50-more
Age_frmn-50-more
WEX_wrks-new
WEX_wrks-3-less
DS_wrks

DS frmn
Crew-size
Proj_s-curve-inc
Proj_pct-cplt
Proj_ramp

S _incident

Project identifier

Monthly working hours

Monthly cumulative working hours

Percentage of cumulative working hours

Increase/decrease in working hours compared to the previous mont
Percentage of workers aged 30 or less

Percentage of foremen aged 30 or less

Percentage of workers aged 50 or more

Percentage of foremen aged 50 or more

Percentage of new workers compared to the previous month
Percentage of workers with up to 3 years of experience
Workers' average number of days on the site

Foremen's average number of days on the site

Crew size

Monthly S-Curve increase

Percentage of project completion

Increase/decrease of workers on the project

Monthly safety incidents occurring

“All features, except Proj_id, were collected by discipline

TABLE 2. Number of collected data points by discipline

Trade discipline Total data points Incident data points
Ironworkers 146 51
Pipefitters 165 87
Civil 177 84
Operators 132 5
Electrical 135 28

TABLE 3. Selected predictor features

feature name

Description

WH_month
WEX_wrks-3-less
Age_frmn-30-less
Age_wrks-30-less
WEX_wrks-new
Proj_s-curve-inc

Monthly working hours

Percentage of workers with up to 3 years of experience
Percentage of foremen aged 30 or less

Percentage of workers aged 30 or less

Percentage of new workers compared to the previous month
Monthly S-Curve increase



Crew-size Crew size

DS_frmn Foremen average number of days on the site
Age_frmn-50-more Percentage of foremen aged 50 or more
WH_cml-pct Percentage of cumulative working hours
551
552 TABLE 4. Prediction performance measures
Model Accuracy Standard deviation Incident recall
SVM 72.2 3.83 61.39
Naive Bayes (Kernel) 70.47 3.65 75.25
Decision Tree 67.97 3.31 57.43
Naive Bayes 62.90 3.89 74.26
Fast Large-Margin 62.90 3.89 74.26

553



Table 5. Original project planning - Scenario 1

Month # 11122222 ]3]3[3][3][3]alalalalals]s5]5]5][5]6|/6/6][6]6
gzzi_q'/il[‘lg'_g)iv" 1/o|o|o|1|/ofloflofo|1|o|o|o|o|l1|ofo|o0o|0o|1|0|l0|O0|O|1]|0]|O0]0O
R}Se‘;i_‘i'/i,'\‘lg'_g)o”""orkers o|1]o0flofof1|ofloflolo|1|o|o|o|of1]|o0|o0|o0|o|1[0|0|0|O|1|0]|0O
gzzi_q'/il[}z'_zi)mﬁ“ers o|o|1|o|loflof1]o|ofo|o|l1|loflofo|o|1]|0o|loflo|lof[1]0]0|0|0|1]|O
([ﬂzzi_'i'/mg'_g;ecmca' ojojofloflofloflo|l1|lo|lo|o|o|1|ofo]o]o|1]0f0|l0|lo|1|l0o|l0o|O0]|O]1
R}Z‘;[ﬁ'},{‘lg‘_%perators olo|o|1|/oflofojo|1|o0o]|o|loflo|[1]o0]|o0o|o0o|0|1|lo|lofo]O0|1]|0|0|0]|0O
Age_frmn-30-less 3/3|3|3|3[3|3|3|3[3|3|3|3[3|3|3|3[3|3|3[3[3|3|3|3[3|3]3
DS_frmn 1l aaafaf2)2]2222|2|2|2|2|2|2|2]2]2
Age_wrks-50-more 111|211 |1|2]2|2]|2|2]2|3|3|3|3|3|3|3|3|3|3|3|3|3[3]3
Age_wrks-30-less alala|alalalalalal3|3|3|3]3|3|2]2]2|2|2]2]2|2|2]|2]2|2]2
NewWorkersRate a|ala|alalalalals|3|3|3|3|3|3|3|3|3|1|1|1]1|1|1]|1]1]|1]1
Crew_Size a4 ala|alalala|al|alala|alalala|a|ala|3]|3]3[3|3|3|3[3|3]|3
WEX_wrks-3-less (T O T T Y T Y T W 0 T 0 A R A T O R B0 I R O
WH_month 211|231 |1]|1|3|3|2|3|3|[3|3|3|4[3|3|3[3|4|3|3|3[3|4]3
Proj_s-curve_inc 11122112221 |2]2|2|2|2]2|2|2|2]2|2|2|2]|2|2]|2]2
WH_cml-pet tlr (| aafafal2jal21]2|2|2|2|2|2|2|2]|2]2
Incident (Yes/No) £|3|3|5|3|3|8|3|3|5/83|3|5|%3|3|5|3|5|8|%3|5|5|3|8|8|3|5|%3




Table 6. An adjusted project planning to reduce incidents - Scenario 2 (the colored cells are changed between scenarios)

Month # 1l1fal2f2]2]2]2]3[3]3][3]3]alalalalals|s][s5]5]5][6]6]/6/6]6
(D\Zf_‘;'/iﬂg'_g)iv” 1{ofoflo|l1|oflofloflo|l1|o|o|o|o|1|o|o]ojo|1[0f0f0|lo|l1|0|0O]|0O
R}Z‘;i_‘i'/il'\]g'_g)o”""orkers o|1|o0jofo|1]0]0f0f0|1|0|l0o|l0o|lo|1|0|0|0|0|1]|0]|0]|O0|O0|1][0]0O
R}Segi_‘;'/i,i‘lg'_gi)p“mers olo|l1/o/oflo|l1|o|lofoflo|1|oflo|o|lo|lz1|o|lo|lo|lo|l1|o|o|lo|o|1]o
R;Secs’i_'i'/iplg'_g;ec”ica' o|lojojofo|o|o|1][0flofloflo|l1|o|lo|o|o|1|o|o|o|o|1][0|0|0|0]|1
g}i‘iﬁ'/m'_g)perators o|lojoj1][o0|o]o|o|1|[0|0|0flo|l1|0o|0o|o0|o0o|1|0|0|O0|O0|1]O0]0|0]0O
Age_frmn-30-less 3/3[3|3|3|3[3|3[3[3|3|3[3[3[3|3[3[3|3[3[3[3|3|3[3[3|3]3
DS_frmn tlaf 1|t fr]2f2]2]2|2]2|2]|2|2|2|2]2|2]|2]2
Age_wrks-50-more 1121|2121 |2|2|2|2|1|8|1|3]|1|3|3|3[1|1|3[3|3|1|1]3
Age_wrks-30-less 4| a|a|ala|alalalal3|3|3|3[3|32|2]2|2|2|2|2|2]|2]2]|2]2]2
NewWorkersRate ala|alala|alalals 13|22 |3|s1 |13 |1|1|1|2|1]|1]1|1]1]1
Crew_Size 4| a|a|ala|ala|alala|alr|3|a]|alr|1]4a|3]3|21]1|3[3|3[1]1]3
WEX_wrks-3-less (T T T T T T 2 T T W T 20 I R O T A R O
WH_month 211|231 |1|2|3|3|2]|2[3|3|3|3|4|3|3|3[3|4|3[3[3[3|4]3
Proj_s-curve_inc 11111211122 |1|2 |2 |2 |2|2|2|2|2|2|2|2|2|2|2|2|2]|2
WH_cml-pet tlaf |t fe |21 ]2|1]2|2]2|2|2|2]2|2]|2]2
Incident (Yes/No) §|6|6§|6|6|6|6|6|6|6|6§|6|6|6|6|6|6|6|6|6|6|6|6|6|5|5|6]|¢5
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