Safety Science 184 (2025) 106764

Contents lists available at ScienceDirect

Safety Science

o %

ELSEVIER

journal homepage: www.elsevier.com/locate/safety

Project characteristics-based predicting the likelihood of occupational
accidents in public school maintenances using a topological approach

Ugur Yigit™ , Gokhan Kazar ™°

 Dept. of Mathematics, Istanbul Medeniyet University, 34700 Uskiidar, Istanbul, Turkey
b Dept. of Civil Engineering, Istanbul Medeniyet University, 34700 Uskiidar, Istanbul, Turkey

Check for

updates

¢ Dept. of Civil Engineering, Istanbul Gelisim University, 34310 Avcilar, Istanbul, Turkey

ARTICLE INFO

Keywords:

Rough topology
Feature selection
Occupational accidents
Machine learning
Maintenance project
School buildings
Project characteristics

ABSTRACT

Occupational accidents are common in construction projects. Although several previous studies have focused on
this complex issue from different perspectives, such as predicting accidents for the general construction process,
few studies have focused on the impact of project characteristics on the likelihood of accidents in building
maintenance projects. Artificial intelligence-based predictive models for workplace accidents typically use ready-
made algorithms or traditional methods like trial and error. Therefore, the main objective of this study is to
predict the likelihood of occupational accidents in building maintenance projects by following a new feature
selection process based on the topological approach. The information on the 1807 public school maintenance
project was included in this study to test the proposed mathematical approach. Commonly used 7 different
machine learning algorithms and a combination of these algorithms called a hybrid model was selected to apply
the topological approach to the feature selection process. The results show that 5 out of 7 algorithms such as
Stochastic Gradient Boosting (SGB), Extreme Gradient Boosting (EGB), Linear Discriminant Analysis (LDA),
Gaussian Naive Bayes (GNB), and Hybrid (HYB) models show better performance after applying the topological
technique. The main predictors of the likelihood of workplace accidents in these algorithms are site delivery (T2),
cost breakdown ratio (F1), total duration (T1), and contractor size (P1). Using this approach, construction
professionals can develop and implement more effective Al-based proactive safety management systems for

maintenance projects.

1. Introduction

Building maintenance is a critical step in maintaining the lifecycle of
existing assets. Preventive maintenance protects against significant
deterioration, reducing the need for expensive repairs and ensuring that
the building remains a valuable asset. Regular maintenance ensures that
buildings are safe for occupants. It helps identify and rectify structural
problems, electrical faults, and other hazards that could lead to acci-
dents or health problems, such as mold or poor air quality (Hauashdh
et al., 2021). Maintenance also ensures that all building systems (such as
HVAC, plumbing, and electrical) operate efficiently. This helps to reduce
energy costs, minimize downtime, and extend the life of these systems
(Kadhim and Altaie, 2023). Proper maintenance practices contribute to
environmental sustainability by reducing waste, energy consumption,
and the need for new materials and construction (Wang and Xia, 2015).

However, there are some challenges and occupational risks
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associated with building maintenance projects. For example, older
buildings may have obsolete materials or systems that are difficult to
repair or replace. Maintenance tasks often involve significant risks for
workers, such as working at heights, handling electrical systems, and
dealing with hazardous materials (Kadhim and Altaie, 2023). Proper
planning and risk assessment are essential to identify these hazards and
ensure that safety measures are in place. Workers must be trained in
safety protocols, such as the use of personal protective equipment (PPE),
the safe handling of tools and materials, and procedures for working in
confined spaces or with hazardous substances (Chandra Dahal and Raj
Dahal, 2020; Hauashdh et al., 2022). Maintenance projects require
careful planning to incorporate these protocols and minimize the risk of
accidents. Maintenance activities may also involve exposure to haz-
ardous materials such as asbestos, lead paint, chemicals, or mold. These
substances can pose health risks, including respiratory problems, skin
irritation, or long-term illness (Zolkafli et al., 2019). Ensuring proper
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procedures are in place to identify, remove, and dispose of these mate-
rials is crucial for occupational safety during maintenance projects.
Workers may also have to perform maintenance in confined spaces such
as ducts, tanks, basements, or crawl spaces where limited ventilation
and access pose risks of suffocation, toxic exposure, or entrapment. Wet
or uneven surfaces, loose cables, or debris can cause slips, trips, and
falls, leading to various injuries such as broken bones or concussions
during maintenance projects (Hauashdh et al., 2021; Ogunbayo et al.,
2022). Maintenance work can be physically demanding and stressful,
especially when working under pressure, in uncomfortable conditions,
or during emergencies (De Marco et al., 2010).

For the reasons mentioned above, maintenance projects may result in
accidents at work or safety violations. These cases are highly dependent
on the characteristics of the existing buildings being repaired (Liu and
Ramadhan, 2017; Shohet, 2003). Understanding the reasons for occu-
pational accidents and predicting the likelihood of occupational cases is
crucial to providing effective proactive systems in maintenance projects.
At this point, data-driven approaches are essential to establish proactive
systems for safety management. To establish efficient proactive systems,
machine learning (ML) algorithms have gained importance in recent
years. To date, many studies have focused on predicting workplace ac-
cidents in the construction industry using various ML techniques with
conventional methods (Ayhan and Tokdemir, 2019; Baker et al., 2020;
Choi et al., 2020; Kang and Ryu, 2019; Kang et al., 2022; Kim et al.,
2019; Koc et al., 2023, 2022, 2021; Koc and Gurgun, 2022; Sarkar et al.,
2020; Tixier et al., 2016; Xia et al., 2018). However, none of these
studies attempted to predict the likelihood of occupational accidents in
maintenance projects, as most of the predictions were heavily focused
on the construction process of new buildings (Kang et al., 2022; Koc
et al.,, 2023, 2021; Koc and Gurgun, 2022; Tixier et al., 2016).
Furthermore, these studies followed traditional ML methods or used
ready-made algorithms. Some of them also utilized common optimiza-
tion algorithms to improve the accuracy rates (Ayhan and Tokdemir,
2019; Baker et al., 2020; Wang and Xia, 2015). The primary objective of
this study is to improve the accuracy of predicting the likelihood of
occupational accidents in building maintenance projects by imple-
menting a novel feature selection process based on a topological
approach. This approach allows us to identify and prioritize the key
factors contributing to accident risk by analyzing the interconnected
relationships between different project and environmental variables. By
using this topological framework, we can capture complex dependencies
and underlying structures that traditional feature selection methods may
miss, ultimately leading to a more robust and accurate predictive model.
This study aims not only to improve accident prediction in maintenance
projects, but also to lay the groundwork for integrating advanced pre-
dictive techniques into proactive safety management systems in the
construction industry.

Using this novel technique, we can evaluate the key characteristics
associated with workplace accidents and assess how these characteris-
tics affect the predictive accuracy of maintenance projects. This
approach allows for a more nuanced understanding of risk factors such
as project type, building age, equipment condition, worker experience
and environmental hazards. Identifying the relative impact of these
features could provide critical insights into the causal mechanisms
behind workplace accidents. Such knowledge is an important step to-
wards the development of a proactive health and safety monitoring
system specifically tailored to building maintenance projects, where
conditions are often dynamic and vary significantly from site to site. This
predictive capability has significant implications for real-time risk
management, enabling project managers to anticipate potential hazards
and take preventative action before accidents occur. By integrating this
model into the maintenance workflow, safety protocols can be adapted
to the specific characteristics of each project and the existing conditions
of the building. As a result, occupational incidents can be predicted and
mitigated during the ongoing maintenance process, promoting a safer
working environment. In addition, this proactive approach can improve
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resource allocation, reduce project delays due to safety concerns and
ultimately support the goal of achieving zero accidents in the con-
struction and maintenance industry.

2. Literature review
2.1. Occupational accidents in building projects

Workplace accidents on building projects are a significant problem in
the construction industry, characterized by high injury and fatality
rates. The construction sector is notorious for its hazardous working
environment, with statistics suggesting that it accounts for around 30 %
of all workplace accidents worldwide (Damayanti et al., 2023). The
International Labour Organization reports that construction workers
face a 1 in 300 chance of dying on the job, with falls being the leading
cause of death (Izudi et al., 2017). This alarming trend requires a
comprehensive understanding of the factors contributing to these acci-
dents, and the implementation of effective safety measurements.

One of the main factors influencing workplace accidents in the
construction industry is a lack of awareness of workplace hazards.
Research shows that workers who are uninformed about potential risks
are more likely to engage in unsafe practices, resulting in higher injury
rates (Berhanu et al., 2019). Furthermore, the presence of social net-
works among workers can increase awareness of workplace hazards,
suggesting that promoting communication and safety culture within
teams can mitigate risks (Santiago et al., 2020). The importance of
training and education in promoting safety cannot be overstated; studies
have shown that health and safety training significantly reduces injury
rates among construction workers (Comu et al., 2021; Gao et al., 2019;
Hire et al., 2021; Karimi and Taghaddos, 2019; Kazar and Comu, 2021).

Workplace accidents in building maintenance projects are a major
concern because of their potential to cause serious injuries and fatalities
(Cheng et al., 2013; Hon et al., 2010). The construction industry is
widely recognized as one of the most dangerous sectors, with a high
incidence of accidents attributed to several factors, including inadequate
safety measures, lack of training, and poor risk management practices.

A comprehensive understanding of the causes of occupational acci-
dents in building maintenance can be enhanced through the application
of risk assessment methodologies. For example, Carrillo-Castrillo et al.,
(2015) emphasize the importance of prioritizing protective measures
when quantitative risk assessments are limited, suggesting that medium-
risk tasks should be addressed with appropriate preventive barriers.
Furthermore, (Zakanyiné Mészaros et al., 2022) highlight that a robust
risk assessment framework not only mitigates accidents but also leads to
improved employee motivation and reduced costs associated with
workplace injuries. This link between safety practices and organiza-
tional performance is critical to fostering a culture of safety on con-
struction projects.

Human factors play a key role in occupational safety, particularly in
maintenance operations. One study discusses how understanding human
behavior and its influence on maintenance practices can significantly
reduce the likelihood of accidents (Reiman, 2020). Inadequate super-
vision and disregard for safety regulations are often cited as the main
causes of accidents in the construction industry, with studies showing
that unsafe acts account for a significant percentage of incidents
(Kamalinia et al., 2012). Therefore, improving supervision and ensuring
compliance with safety protocols are essential steps in accident
prevention.

There is also a relationship between building characteristics and the
likelihood of occupational accidents during maintenance projects in
construction, which are influenced by various factors (Carrillo-Castrillo
et al., 2015; Hauashdh et al., 2020; Hon et al., 2010). Older or poorly
maintained buildings might have weakened structures, increasing the
risk of collapses or accidents during maintenance. Complex architectural
designs with intricate features, such as unusual angles, narrow spaces, or
overhangs, can create difficult working conditions that increase the
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likelihood of accidents. The method used to construct the building (e.g.,
prefabricated vs. traditional) can influence the risk during maintenance
operations (Hon et al.,, 2010). Prefabricated buildings may have
different joining techniques or weak points that pose unique risks.
Buildings with poor or limited access can make it difficult for workers to
safely reach maintenance areas. This can lead to unsafe practices, such
as using ladders inappropriately or failing to secure work platforms.
Dragone et al. (2021) argue that traditional maintenance management
methods are becoming outdated and innovative approaches need to be
adopted to ensure safety and functionality. This is particularly relevant
as the failure to perform timely maintenance can lead to hazardous
conditions that increase the likelihood of accidents.

The role of management and organizational practices in preventing
accidents is also crucial. Effective safety management systems, such as
OHSAS 18001, have been shown to significantly reduce accident rates
by promoting a culture of safety and compliance with regulations
(Rajaprasad and Chalapathi, 2015). However, barriers to effective safety
communication persist, often exacerbated by the transient nature of the
workforce in the construction industry (Pandit et al., 2019). This high-
lights the need for ongoing engagement, digital systems, and training to
ensure that all workers, regardless of employment status, are equipped
with the knowledge and tools to work safely. Addressing occupational
accidents in building maintenance projects requires a multifaceted
approach that encompasses risk assessment, human factors analysis,
economic considerations, and the adoption of modern maintenance
practices. By prioritizing safety and implementing comprehensive OHS
strategies, the construction industry can significantly reduce the inci-
dence of workplace accidents, thereby safeguarding the well-being of
workers and enhancing overall project performance.

2.2. Prediction studies on occupational accidents in buildings

Prediction studies on occupational accidents in buildings have
gained significant attention due to the high incidence of occupational
accidents in the construction industry. Various methodologies, including
machine learning and statistical analysis, have been employed to un-
derstand the key reasons for accidents and predict occupational cases.
These methodologies are crucial for developing effective preventive
strategies and improving workplace safety.

The application of machine learning (ML) to the analysis of work-
place accidents in the construction industry has received considerable
attention in recent years. Several studies have investigated different ML
techniques and their effectiveness in predicting and mitigating work-
place accidents (Ayhan and Tokdemir, 2019; Baker et al., 2020; Choi
etal., 2020; Kang and Ryu, 2019; Kang et al., 2022; Kim et al., 2019; Koc
et al., 2023, 2021; Koc and Gurgun, 2022; Sarkar et al., 2020; Tixier
et al., 2016; Xia et al., 2018). This approach presents key findings from
the literature, focusing on the methodologies used, the types of accidents
analyzed, and the implications for occupational safety.

A systematic review by Khairuddin et al. (2022) highlights the use-
fulness of text-based analysis in identifying causal factors of occupa-
tional injuries, which can be critical in developing predictive models.
This approach is consistent with the findings of Tixier et al. (2016) who
used random forest (RF) and stochastic gradient tree boosting (SGTB)
models to predict safety outcomes based on a dataset derived from
textual injury reports. These methods highlight the importance of data-
driven approaches in understanding the complexities of workplace
accidents.

In the construction sector, Lee et al. (2020) point out the importance
of data preprocessing and accident prediction modeling, noting that
historical accident data provides a valuable foundation for ML model
development. This view is echoed by Kog et al. (2022) who argue that
the integration of resampling techniques with ML methods can effec-
tively deal with unbalanced datasets, which are common in accident
datasets. Their research suggests that predictive modeling is a promising
way to improve the safety performance of civil engineering works.
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Furthermore, (Toptanci et al., 2023) provided insights into the fac-
tors influencing the severity of occupational injuries, identifying critical
variables such as age, education, and work environment through logistic
regression models. This is in line with the findings of Mohammadfam
et al. (2015) who used Artificial Neural Networks (ANNs) to analyze
factors affecting occupational accidents and found that individual and
organizational factors significantly contribute to the severity of acci-
dents. Such findings are crucial for tailoring safety training and pre-
ventive interventions in the workplace.

The role of machine learning in occupational safety goes beyond
prediction to include risk assessment and mitigation strategies. For
example, a study by Gondia et al. (2022) presents a decision-support
framework for predicting injury severity and implementing risk miti-
gation measures. This framework demonstrates the practical applica-
tions of ML in real-world scenarios, emphasizing the need for actionable
insights derived from predictive analytics.

Furthermore, the challenges associated with the implementation of
ML in occupational safety are highlighted by Sarkar et al. (2020) They
discuss the need to optimize ML techniques for effective accident pre-
diction (Sarkar et al., 2020). They note that the integration of different
ML algorithms can increase prediction accuracy, thereby improving
safety outcomes in construction environments. This is particularly
relevant in light of the findings of Choi et al. (2020) who developed a
national data-based prediction model for construction worker fatalities,
demonstrating the potential for large-scale applications of ML in safety
analysis.

2.3. Research gaps and aims

Existing studies mainly focus on common machine learning models,
without a comprehensive evaluation of their comparative effectiveness
in different contexts. For example, Lee et al. (2020) and Sarkar et al.
(2020) highlight the application of optimized ML techniques to predict
occupational accidents but do not systematically compare the perfor-
mance of these models with different methods. This lack of comparative
analysis limits the understanding of which ML techniques provide the
most reliable predictions in different occupational settings. Further-
more, while Kog (2023) provides insights into the prediction of accident
susceptibility, it does not address the integration of these predictive
models into a coherent framework that can be universally applied across
different industries, particularly in construction.

Furthermore, while some research has begun to explore the socio-
technical aspects of occupational safety, as highlighted by Elkhoukhi
et al. (2022), there is a lack of empirical studies that incorporate project
characteristics into ML models. The 'new view’ of safety emphasizes the
importance of worker adaptability and resilience, yet current ML ap-
plications often overlook these critical elements, focusing instead on
quantitative data. A more holistic approach, combining quantitative ML
techniques with qualitative insights, could lead to more effective safety
interventions.

All mentioned studies that looked at estimating occupational acci-
dents from diverse perspectives used conventional methods to incor-
porate machine learning models. The majority of ML-based models used
pre-built or generic algorithms such as Genetic Algorithm (GA), Case-
based Reasoning (CBR), Artificial Neural Networks (ANN), Linear
Discriminant Analysis (LDA), Gaussian Mixture, KNN, and regression
models by following traditional approaches (Ayhan and Tokdemir,
2019; Baker et al., 2020; Choi et al., 2020; Kang and Ryu, 2019; Kang
et al., 2022; Khairuddin et al., 2022; Koc et al., 2023, 2022, 2021; Koc
and Gurgun, 2022; Lee et al., 2020; Mohammadfam et al., 2015; Tixier
et al.,, 2016; Xia et al., 2018). In addition, these studies have mainly
focused on predicting accidents for general construction processes using
traditional optimization techniques (Baker et al., 2020; Kang et al.,
2022; Koc et al., 2023, 2021). None of the studies took into account
accidents at work that occurred during maintenance construction pro-
jects with different feature selection processes. In other words, the
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unusual working environment in maintenance projects which is highly
related to project characteristics is not considered in previous studies.
One study by Hon et al. (2010) only considered the causes of accidents in
maintenance projects by following a statistical method rather than
introducing a predictive model. While these studies add much to the
body of knowledge, new methodological approaches are needed to
develop effective ML models and create more reliable proactive systems
based on data-driven methods. Therefore, the main objective of this
study is to introduce a new feature selection model based on the topo-
logical approach to forecast occupational accidents in building main-
tenance projects. By following this method, it is not necessary to use any
optimization methods to achieve higher accuracy rates. With this ML-
based model, the topological approach can also provide improved ac-
curacy results without the need for parameter tuning or trial-and-error
techniques. By following a different feature selection process, it is
possible to reduce the number of attributes and improve the accuracy
rates, which will provide solutions for data collection issues in con-
struction workplaces. This method can also provide opportunities to
interpret the importance of project characteristics-based attributes
whether has a great impact on the likelihood of occupational accidents
or not. It is expected that by harnessing the power of ML models with
this new technique, construction stakeholders and government decision-
makers will be able to proactively identify occupational risk factors
related to project characteristics, improve decision-making, and ulti-
mately increase the overall quality and safety of maintenance projects
based on the project characteristics. Furthermore, the novel feature se-
lection technique combined with ML-based algorithms will make it
possible to create a proactive system that is reliable and efficient in
preventing occupational accidents in maintenance projects.

3. Research methodology
3.1. Maintenance project dataset and preparation

The current study attempts to predict the likelihood of workplace
accidents, whether they occur or not (yes or no) in school maintenance
projects, using a novel ML method based on the topological approach.
Although it is difficult and complex to understand the main causes of
occupational accidents in construction workplaces, we have tried to
focus on the project characteristics of maintenance projects that could
have an impact on the likelihood of occupational accidents. To do so, we
collected a total of 18 different attributes of 2018 public school main-
tenance projects implemented by the Turkish Ministry of Education
between 2016 and 2022 (Table 1). First, the school maintenance pro-
jects were categorized into five main parts: general (G), building

Table 1
Attribute list for school maintenance projects.

CharacteristicCategory ~ Attributes D DatasetType

General Age of school Gl Numerical
Location G2 Categorical
Total square metres G3 Numerical
Number of classrooms G4 Numerical
Number of students G5 Numerical
School type G6 Categorical

Building Window properties Bl Categorical
Roof properties B2 Categorical
Properties of electrical B3 Categorical
installation
Heating properties B4 Categorical

Project Size of contractor P1 Categorical
Type of maintenance P2 Categorical

Financial Cost breakdown ratio F1 Numerical
Approximate cost F2 Numerical
Allocated budget F3 Numerical
Total paid cost F4 Numerical

Time Total duration T1 Numerical
Season of site delivery T2 Categorical
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characteristics (B), project characteristics (P), financial (F), and time (T).
The general dataset included the following characteristics: type of
school (e.g. primary, secondary, and tertiary); location information (e.g.
urban or rural); the age of the school; total square meters; the number of
classrooms and students. Building characteristics relate to window (e.g.,
double hang, single hang, cavement, awning, and glas block etc.), roof
(e.g., rubber, metal, clay, slate, floow, composite), electrical (e.g.,
joninig box and looping system) and heating characteristics (e.g., boiler,
furnaces, heat pumps, hybrid, radiant and basebords) of public schools.
Project characteristics included the size of the contractor (e.g. small,
medium, or large) and the type of maintenance. The financial charac-
teristics of maintenance projects included the cost breakdown ratio,
approximate cost, allocated budget, and total cost paid recorded for each
maintenance project. For these financial characteristics, we used the raw
numbers for each project recorded. The ML model also included tem-
poral information about maintenance projects, such as the total duration
of the maintenance project and the season of the site handover (winter,
summer, spring, and autumn) by the public owner. The target parameter
was the likelihood of occupational accidents during these maintenance
projects. If an occupational accident occurs during the school mainte-
nance project, it will be coded as 1; otherwise, it will be coded as 0. The
outcome of the occupational accident (fatal, lost workday, injury) was
not considered in the ML models. The main focus of this study is to
predict the likelihood of occupational accidents based on the different
project characteristics using a new mathematical method, rather than
predicting the outcome of occupational accidents. We were able to
collect project data for a total of 2018 maintenance projects in Turkey,
however, 211 projects were dropped due to missing values in some
maintenance projects. The elimination of 211 projects due to missing
data is unlikely to have a significant impact on the overall validity of the
results, as they represent only about 10 % of the original sample of over
2,000 projects. Assuming that the excluded projects were missing at
random and did not have systematic characteristics that would intro-
duce bias, their removal does not affect the representativeness of the
remaining data. With over 1,800 projects remaining, the sample size is
still large enough to maintain statistical power and ensure the robust-
ness and generalizability of the findings. As long as the excluded projects
are not systematically different in terms of variables, the integrity of the
conclusions remains intact. Finally, a 19x1807 matrix was generated
and then we used our topologically based machine learning methods for
the feature selection process.

3.2. Topological method for data analysis

Rough set theory was first introduced by Pawlak (1982) and has
since been used in many fields such as feature selection (Yang and Yang,
2012), decision systems (Liou, 2009; Shen and Loh, 2004), missing
feature value problems (Kryszkiewicz, 1998; Salama, 2010), and medi-
cal analysis (Raza and Qamar, 2019; Thivagar et al., 2012; Zhang et al.,
2009). By Pawlak’s theory (Pawlak, 2002), objects are classified using
an equivalence relation called the indiscernibility relation, which is
explained below. Thivagar et al. (2012) used the rough topology to
research real-world problems like medical data analysis. However, this
method was only applied to nominal-type data. A generalization of the
rough topology and the core to any numerical data is provided by Yigit
(2022). By transforming any numerical data to an ordinal form, which is
viable for analyzing the data with this method, Yigit (2022) gives a new
topological method for dimension reduction of large-scale data
processing.

Equivalence Relations. Let U be a non-empty set of objects. A
relation R on U is a subset of the cartesian product U x U. Typically, an
element (a,b) € R is read as a is related to b. If (a,a) e Rfor alla € U,
then a relation R on U is said to be reflexive. It is said to be symmetric if
(a,b) € Rrequires (b,a) € Rforalla,b € U. Itis said to be transitive if (a,
b) e Rand (b,c) € Rthen (a,c) € Rforalla,b,c € U. Arelation R on U is
said to be an equivalence relation if and only if R is reflexive, symmetric,
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and transitive. Let R be an equivalence relation defined on a set U and
acU. Let [aly = {x € U|(a,x)e R} called the equivalence class of a
under R, which is the set of all elements in U that are related to a. The set
of all equivalence classes U/R of R in U gives a partition of U, which
means that every equivalence class is disjoint, and U is the union of all
equivalence classes.

Approximations. (Pawlak, (2002)) Assume that U is a non-empty
finite set and R is an equivalence relation on U. A pair (U,R) is called
an approximation space. Let X be a subset of U.

i. R(X) = Uxcu{x|[x]gcX} is called the lower approximation of X
with respect to R.
ii. R(X) = Uxey{x|[x]gNX # @} is called the upper approximation of
X with respect to R.
iii. Br(X) =R(X) —R(X) is called the boundary region of X with
respect to R.

If Br(X) # @, then the set X is called a rough set with respect to R.

Topology. (Munkres, 2000) A topology on a set U is a collection 7 of
subsets of U satisfying the following properties:

(Mo, Uer

(T2) The union of the elements of 7 is in 7.

(T3) The intersection of the finite number of elements of 7 is in 7.

The pair (U,7) is called a topological space. A basis for (U,7) is a
collection fcz such that for each A € 7 and each x € A, there exists B €
such that x € BCA.

Rough Topology. (Thivagar et al., 2012) Let U be a non-empty finite
set and R be an equivalence relation on U. A rough topology on U with
respect to X is defined by 1z = {U, @,R (X), R(X), Br(X)} for XcU.

A basis for rough topology. (Thivagar et al., 2012) A basis for the
rough topology 7z on U with respect to X is g = {U,R (X),Bgr(X)}.

Example. Let U = {1,2,3,4,5,6,7,8} be the set of objects, and R =
{(1,1),(2,2),(3,3),(4,4), (5,5), (6,6), (7,7), (8,8), (1,3), (3,1), (1,8),
(87 1)7 (8 3)7 (3 8)

(4,6),(6,4)} be an equivalence relation on U. Then the set of
equivalence classes of U by the equivalence relation R is U/R = {{1,3,
8},{4.6},{2},{5},{7}}. For X = {1,4,6}, R(X) = {4.6}, R(X) ={1,3,
4,6,8} and Bg(X) = {1,3,8}. Therefore, the rough topology 7 = {U, @,
{4,6},{1,3,4,6,8},{1,3,8}}. The basis for 75 is f = {U,{4,6},{1,3,8}}.

Core. (Thivagar et al., 2012) A subset M of the set of attributes is
called the Core of Rif iy # B(r_y}) for every rin M. That is, the elements
of the core cannot be removed without affecting the classification power
of attributes.

Let (U, R) be a pair, where U is a set of objects (rows of the data) and
R is an equivalence relation. R is defined as two rows that are related to
each other if and only if all of their attribute values are the same.
Nonetheless, most of the attribute values are not the same as one
another. It is necessary to provide a method for converting numerical
data into an ordinal format so that the core and rough topology may be
used for analysis. We apply Algorithm 1, which utilizes the standard
deviations of attribute values, to accomplish this.

Algorithm 1. ((Vigit, 2022)) Step 1: Given a data table, columns of
which are attributes, rows of which are objects, and entries of the table
are attribute values, pick one of the attributes.

Step 2: Take the maximum (Max) and the standard deviation (St) of
the chosen attribute.

Step 3: Assign 1 to the values between (Max) and (Max —St) and
discard these rows. Find the next maximum after discarding rows
assigned as 1. Assign 2 to the values between the new (Max) and new
(Max —St) and discard them. Repeat this process until every value is
assigned to a new value.

Step 4: Repeat Step 2 and Step 3 for every attribute.

Step 5: Generate the new data table.

Example. Consider the table which shows 8 objects, 3 attributes, and
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a result (Table 2).

By applying the algorithm 1 to Table 2, we have Table 3:

LetU ={1,2,3,4,5,6,7,8} be the set of objects, and A = {6,7,8} be
the set of objects which have a positive result. Let R be an equivalence
relation, in which two objects are related to each other if and only if
their values of all attributes are the same (Table 3 and Table 4).

Result: If we compare topologies (Table 4), we have only 7(z_y) # Tr.
So, we get Core(A) = {AttributeY}. By taking A = {1, 2,3, 4,5} as the set
of objects having a negative result, similarly, we have Core(A) =
{AttributeY}. As a result, “Attribute Y” is the most crucial attribute in
determining whether an object has a positive result or negative result.

Since the rough topology may only be changed by a single row, it is
not suitable for large numerical data sets. As stated differently, topol-
ogies vary even when the border and the lower approximation are
separated by a single object (row). However, the change can be quan-
tified below. v, (X) is one tool that counts the number of rows that change
the topology. Put otherwise, it’s a method for determining which attri-
butes in this classification are more important than others. It also lists
these attributes in order of significance.

Accuracy. (Yigit, 2022) Let (U, R) be an approximation space and M
be the set of attributes. For r € M and XcU, the accuracy of an attribute
and the accuracy of the core with respect to X are defined respectively by

_ 1Br(X)]
#elX) = Bz (X)]
_ |Br(X)|
Hrr(X) = SuprEM{i\B(R,,) (X)\}

Measurement for the core. (Yigit, 2022) Let (U,R) be an approxima-
tion space and M be the set of attributes. For r € M and XcU, the ac-
curacy of the boundary for r with respect to X is defined by

Vr(X) = [Br(X) — Bz (X)|

Remark. v,(X) = v(U—X) for any r € M.

v,(X) is used to measure and arrange the data’s tolerated unimpor-
tant object (rows). In other words, the attribute r has no bearing on this
method’s classification of the data if we delete rows in the v,(X) from the
data. More examples can be found in (Yigit, 2022) (Fig. 1).

4. Results
4.1. Data core

Let X be the set of objects (rows) of the dataset resulting in an ac-
cident. The following are the outcomes and the Core(X) that we acquire
when we use the aforementioned topological technique for our data. The
number of rows that alter the dataset’s classification is measured by
Vr(X). Thus, taking into account at most v,(X) < 24, which indicates a
margin of maximum error of 1.3 percent (24 rows) across 1807 rows in
the dataset, we extract at most 24 rows and establish our Core(X) = {1,7,
10,11,12,13,14,15,16,17}. Put another way, these 10 attributes are the
most crucial for the dataset’s classification. Furthermore, as shown in

Table 2

Sample data.
Objects X Y z Results
1 0,90 153,4 17,33 No
2 0,73 74,08 23,41 No
3 0,78 94,03 25,53 No
4 1,15 27,23 26,5 No
5 0,78 94,44 16,67 No
6 0,78 23,56 19,26 Yes
7 0,74 14,67 20,49 Yes
8 0,97 15,7 15,66 Yes
STD DEV 0,14 50,211 4,129
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Table 3 Table 5, the attributes’ respective orders of importance are 14, 12, 15,
Converted sample data. 16,7,1,13,10, 11, and 17, which are T2, F1, T1, P1, B2, G1, F2, G6, P2,
Objects X % 7 Results F4, respectively. You can find the code link to calculate the values in the
table below at Acknowledgment.
1 2 1 2 No
2 3 2 1 No
3 3 2 1 No . ) .
4 1 3 1 No 4.2. Machine learning algorithm results
5 3 2 2 No
6 3 3 2 Yes In this section, we apply seven different machine learning algorithms
Z :2" 2 i z:z that are commonly used in construction management issues to our data:
Support Vector Classifier (SVC), Random Forest Classifier (RFC), Linear
regression (LR), Stochastic Gradient Boosting (SGB), Extreme Gradient
Boosting (EGB), Linear Discriminant Analysis (LDA), Gaussian Naive
Bayes (GNB), and Hybrid (HYB). In this case, the hybrid algorithm is the
Table 4
Results for sample data.
Equivalence Classes Approximations Topology
All Attributes U/R = {{1},{2,3},{4},{5},{6,7},{8}} R(A) = {6,7,8)R(A) = {6,7,8}Br(A) = @ w =1{U, @, {6,7,8}}
Remove X U/(R-X) = {{1},{2,3},{4},{5}.{6,7}.{8}}  (R—X)(4) = {6.7,8}(R—X) (A) = {6,7.8}Br_x(4) =2 trx =1{U, @, {6,7,8}}
Remove Y U/(R-Y) ={{1},{2,3},{4},{5,6,7}.{8}} R-Y)(A) = {5,6,7.8}(R—Y) (A) = {8}Br_v(4) = {5.6,7}  Trv ={U,2,{5,6,7.8},{8},{5,6,7}}
Remove Z U/(R-2) = {{1},{2,3,5},{4},{6,7}.{8}} R—2)(A) = {6,7,8}(R—Z) (A) = {6.7.8)Br 2 (A) =@ w2 =1{U, @, {6,7,8}}

Data Collection : Data Topological
. Preprocessing . Feature Selection

TE A Ap o Ap A7 Agg .
. U (transformed.
. ordinal data)
: 121.3] ;
nitial project : :
information . 231.6 :
S| mes Applying 421 5| :
. @lgoritma 1 to convert M
: numerical data :
e : in to ordinal .
Missing value . :
9 t | MPe 312..4] & u
: : Compare Core(X)
o \MP1zo7 14..3) +

Find Tg.,
without A,

Applying ML
Algorithms by
using all A;

N Results

N Applying ML
' Algorithms by :
' using Core(X) :

Fig. 1. Research methodology.

Table 5

Core dataset.
Column 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18
Attribute(r) Gl G2 G3 G5 G4 Bl B2 B3 B4 G6 P2 F1 F2 T2 T1 P1 F4 F3
vr(X) 52 7 4 8 3 18 63 11 22 42 42 105 50 109 103 81 41 24
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one that is developed according to whether or not four out of seven al-
gorithms make accurate predictions. First, we use all attributes; after
that, we use the attributes in the Core(X) and then compare them.

Machine learning algorithms are carried out without any optimiza-
tions or parameters using a random selection procedure. Without using
any optimization approaches, we employed ML algorithms in the default
setup to demonstrate the effectiveness of the topological dimension
reduction method. Since our data is homogeneous and balanced for bi-
nary classification, thus we employ fixed random state train-test splits
that appropriately depict the distribution of classes as a whole. We
divided the dataset in half, using 80 % for model training and 20 % for
fixed-random selection testing (Koc et al., 2022; Koc and Gurgun, 2022).
We consider executing the machine learning algorithms several times,
comparing the average result, and then providing metrics.

Subsequently, the outcomes are then compared for every class and
set of techniques. When evaluating the mean classification accuracy and
other outcomes, using the Core(X) yields superior results. It follows that,
in contrast to all attributes as predicted, the approach employed here
performed better for the 10 attributes in the Core(X) (Fig. 2). More
importantly, this classification includes the most significant attributes.
Additionally, the order of the significance of the attributes is also pro-
vided in this prediction.

Table 6 and Table 7 demonstrate the classification outcomes of the
seven ML algorithms and the hybrid algorithm. After applying topo-
logical dimension reduction by using the rough topological model for
defining the Core and employing it, we get better prediction perfor-
mance in five algorithms used (SGB, EGB, LDA, GNB, and Hybrid), the
same results for two algorithms (SVC, RFC), but LR, as shown in tables.
SGB, RFC, and Hybrid algorithms are more efficient than others, and
they have accuracy rates between 0,754 and 0,771. GNB and SVC have
the lowest prediction results according to others. In addition, one of our
other aims in this study is to give which of the attributes are more
important and the order of importance of these attributes. Looking at the
results obtained in all algorithms by using the Core, it is concluded that
this model works very well in this dataset.

Recall that the class-wise distribution of a classification model’s
predicted performance is called a confusion matrix. A 2 x 2 confusion
matrix is a table used in classification tasks to evaluate the performance
of a model. It has four cells: True Positives (TP), where the model
correctly predicts the positive class; True Negatives (TN), where it
correctly predicts the negative class; False Positives (FP), where it
incorrectly predicts a positive class for a negative instance; and False
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Negatives (FN), where it incorrectly predicts a negative class for a pos-
itive instance. This matrix helps calculate key metrics like accuracy,
precision, recall, and F1-score.

Below in Figs. 4 and 5, we give the confusion matrices that we
created for the hybrid algorithm, using all the features and the features
in the core, respectively. The confusion matrices of all other algorithms
are given in Table 6 and Table 7.

Topological dimension reduction (TDR) is fundamentally a dimen-
sionality reduction algorithm. In contrast to existing techniques in this
field, it preserves the attributes in the original data set without directly
causing any data loss. Furthermore, the user can choose how many di-
mensions to remove because it also provides the importance level of the
attributes. We also shared with you the cases where the entire data set
was used during the comparisons, but our rival in this area is Principal
Component Analysis (PCA), the most well-known dimensionality
reduction algorithm. As you can see in Fig. 3, we typically outperformed
PCA in most cases, but LDA. Despite being entirely written in Python, it
operates incredibly quickly.

When machine learning algorithms trained on Core Attributes are
compared to those trained on PCA transformed data, Core Attributes
typically produce higher accuracy. For algorithms such as SVC, RFC, LR,
SGB, EGB, GNB and the Hybrid model, Core Attributes consistently
outperforms PCA, with differences in accuracy ranging from 0.056 to
0.136. The most significant differences are observed in SGB and the
Hybrid model, where Core Attributes achieves a significantly higher
accuracy of 0.136 and 0.119 respectively. RFC and EGB also perform
significantly better with core attributes, with a difference of 0.133 and
0.122 respectively. However, LDA is the only exception where PCA
slightly outperforms Core Attributes by 0.011. Overall, Core Attributes
shows superior performance in the majority of models, suggesting that
the PCA transformation reduces accuracy for this dataset (Fig. 3).

5. Discussion

By following the topological approach to feature selection, we
introduced a new ML-based model to predict the likelihood of occupa-
tional accidents in the maintenance of public school buildings. The re-
sults show that project characteristics such as season of site delivery
(T2), cost breakdown ratio (F1), total duration (T1), and size of
contractor (P1) are the most important characteristics that have a
negative impact on the likelihood of occupational accidents in mainte-
nance projects.

0.78
0.76
0.74
2
8 0.72
)
@ 0.7
3 0.68
Q
<
0.66
0.64
0.62
SvC RFC LR SGB EGB LDA GNB HYB
B Core Attributes 0.704 0.757 0.735 0.771 0.757 0.704 0.68 0.754
H All Atributes 0.707 0.757 0.743 0.751 0.749 0.702 0.677 0.743
ML Algorithms

M Core Attributes W All Atributes

Fig. 2. Machine learning algorithm accuracy results.
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Table 6
Use all attributes.
Parameters/Methods SvC RFC LR SGB EGB LDA GNB HYB
Accuracy 0.707 0.757 0.743 0.751 0.749 0.702 0.677 0.743
Precision 0.690 0.754 0.733 0.748 0.776 0.694 0.675 0.724
Recall 0.965 0.907 0.925 0.907 0.841 0.934 0.929 0.951
F1-score 0.805 0.823 0.818 0.820 0.807 0.796 0.782 0.822
True Negatives 38 69 60 67 81 43 35 54
True Positives 218 205 209 205 190 211 210 215
False Positives 98 67 76 69 55 93 101 82
False Negatives 8 21 17 21 36 15 16 11
Table 7
Use the core.
Parameters/Methods SsvC RFC LR SGB EGB LDA GNB HYB
Accuracy 0.704 0.757 0.735 0.771 0.757 0.704 0.680 0.754
Precision 0.689 0.757 0.727 0.768 0.772 0.694 0.677 0.731
Recall 0.960 0.898 0.920 0.907 0.867 0.942 0.929 0.960
F1-score 0.802 0.821 0.812 0.832 0.817 0.799 0.783 0.830
True Negatives 38 71 58 74 78 42 36 56
True Positives 217 203 208 205 196 213 210 217
False Positives 98 65 78 62 58 94 100 80
False Negatives 9 23 18 21 30 13 16 9
0.9
0.8
[} 0.7
T
& 0.6
> 0.5
g 0.4
o 0.3
Q
< 0.2
0.1
0
SvC RFC LR SGB EGB LDA GNB HYB
M Core Attributes 0.704 0.757 0.735 0.771 0.757 0.704 0.68 0.754
mPCA 0.644 0.624 0.633 0.635 0.635 0.715 0.624 0.635
ML Algorithms

M Core Attributes

HPCA

Fig. 3. PCA and core attributes results.

The season of site delivery is a crucial factor in stimulating occupa-
tional accidents in maintenance projects (Bendak et al., 2022; Kazar and
Comu, 2022). Most maintenance projects are carried out during the
summer season when schools are closed. High temperatures on summer
days can cause heat stress, which can lead to fatigue, dehydration, and
heat-related illnesses such as heat exhaustion or heat stroke (Yi and
Chan, 2015). Fatigue reduces workers’ alertness, reaction time, and
decision-making ability, increasing the likelihood of accidents. Extreme
heat can affect cognitive functions, reducing workers’ ability to
concentrate and increasing the likelihood of errors or lapses in safety
protocols (Bendak et al., 2022). Wearing protective gear becomes more
uncomfortable in hot weather, leading some workers to improperly use
or remove essential safety equipment, exposing themselves to hazards.
The physical strain of working in hot conditions can aggravate pre-
existing health conditions, leading to accidents. Heat also increases
the risk of muscle cramps, which can lead to sudden loss of control or
stability (Szer et al., 2021).

Another critical parameter is the total duration of maintenance
projects. This parameter is also strongly linked to the season of the

maintenance projects. As most maintenance projects need to be carried
out in the summer and completed before school starts, there is a time
constraint on these projects. Under tight deadlines, workers and super-
visors may feel pressured to complete tasks quickly, leading to rushed
work. This can lead to cutting corners, skipping safety protocols, or
neglecting proper procedures to save time, increasing the risk of acci-
dents (XU et al., 2021). Time pressure often leads to longer working
hours and fewer breaks. The pressure to meet tight deadlines can in-
crease workers’ stress levels. High levels of stress can distract workers,
reduce their ability to concentrate, and lead to impulsive decisions that
compromise safety (Han et al., 2014). Time constraints may also force
supervisors and managers to prioritize speed over quality, resulting in
poor inspections, missed safety checks, and undetected hazards (Man
et al., 2021). This oversight can lead to unsafe working conditions.
Another important predictor of accidents on maintenance projects is
the cost breakdown ratio. Most contractors cut construction costs to win
the project from public owners. If a large proportion of the budget is
allocated to other areas of the maintenance project, there may be
insufficient funds left for critical safety measures. This can result in
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Fig. 4. Confusion matrix for hybrid algorithm (all attributes).
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Fig. 5. Confusion matrix for hybrid algorithm (the core).

inadequate safety equipment, fewer safety training programs, or the use
of cheaper, less reliable materials and tools, all of which can increase the
likelihood of accidents (Wong et al., 2020). To save costs, projects may
hire fewer workers, resulting in increased workloads for existing staff.
Overworking workers can lead to fatigue, stress, and burnout, all of
which increase the risk of errors and accidents on the job (Nnaji and
Karakhan, 2020). Cost constraints can also lead to inadequate on-site
supervision. Proper supervision is essential to ensure that safety pro-
cedures are followed, hazards are identified and mitigated, and workers
perform their tasks safely. Without adequate supervision, the risk of
accidents increases (Bhagwat et al., 2022).

Another important parameter is the size of the contractor carrying
out the maintenance projects. Most contractors for maintenance projects
are small and medium-sized enterprises (SMEs), which could lead to
various occupational issues in these projects. Workplace accidents are
particularly prevalent among SMEs in the construction industry due to a
combination of factors that undermine safety protocols and manage-
ment practices (Hon et al., 2010). One of the main reasons for the higher
incidence of accidents in SMEs is inadequate enforcement of occupa-
tional health and safety (OHS) regulations (Al Mawli et al., 2021).
Research shows that small businesses are inspected less frequently by
regulatory bodies than their larger counterparts, leading to a lack of
compliance with safety standards and inadequate monitoring of work-
place conditions (Ahn, 2022; Singh and Misra, 2021). SMEs often
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operate on tight budgets, which can limit their ability to invest in safety
equipment, training, and personnel. This can lead to inadequate safety
measures, outdated or inadequate protective equipment, and less
frequent safety inspections. SMEs may struggle to keep up with changing
regulations and standards due to limited administrative support
(Unnikrishnan et al., 2015). Failure to comply with safety regulations
can increase the risk of accidents, as workers may not be working in a
safe environment. Workers in SMEs often have to perform multiple roles
due to limited staffing. This can increase the risk of accidents, as workers
may perform tasks for which they are not fully trained, or work in high-
risk areas without adequate support or supervision (Al Mawli et al.,
2021).

The use of the topological technique to select new features from this
data is one of the major theoretical contributions of the study. This
approach eliminates the need for additional trial-and-error data training
and parameter tuning processess. A further theoretical contribution of
this method is that, although the number of features is reduced, we can
still achieve improved performance in diverse ML-based algorithms
without using optimization algorithms. Using the topological approach,
it is also possible to derive the ranking of the most significant predictors.
As a result, we can identify the key features that influence cost overruns
in maintenance projects. We can use this method to evaluate each case
and determine how cases affect cost overruns. Using this innovative
approach, we have developed a novel ML-based prediction system for
workplace accidents in the maintenance of public school buildings.

The practical contribution of this study is that the technique can be
used to create new proactive systems that track occupational problems
and their causes during maintenance projects, providing important in-
sights for addressing construction safety issues. Contractors and con-
struction professionals can focus on the key factors that indicate
occupational injuries in maintenance projects. Al algorithms can
analyze historical accident data alongside project-specific details (e.g.
site location, project type, materials used, seasonal conditions) to
identify patterns that correlate with higher risk. These insights can help
anticipate potential risks early in the project design phase. Machine
learning models, such as decision trees or neural networks, can predict
the likelihood of accidents by analyzing the complex relationships be-
tween site characteristics, worker demographics, equipment used and
project phases (Khairuddin et al., 2022). With more training, these
models become more accurate at predicting risk factors. For example,
using project-specific data, an algorithm could identify when scaffolding
collapses are most likely to occur based on specific weather, schedule or
material conditions. Al can analyse data from Internet of Things (IoT)
sensors embedded in equipment and infrastructure to detect abnormal
patterns, such as vibrations or temperature increases, which can signal
potential failures or unsafe conditions (Koc and Gurgun, 2022). VR
combined with AI can simulate dangerous construction scenarios,
allowing workers to train in a controlled environment. Al can tailor
simulations based on individual learning patterns, helping workers
practice responses to potentially dangerous situations. For example,
workers could virtually experience a situation where a structural failure
occurs and learn the correct response, building muscle memory and
speeding up reaction time in real life. Machine learning models can also
be developed to predict the outcomes of various emergency scenarios,
improving preparedness and reducing the risk of fatal accidents during
construction (Tixier et al., 2016).

Data-driven approaches are critical to establishing effective proac-
tive systems because they enable organizations to make informed de-
cisions based on evidence rather than intuition or guesswork (Gondia
et al., 2022; Sarkar et al., 2020). Data-driven approaches enable the
accurate identification of potential risks and hazards before they become
serious problems. By analyzing historical data, trends, and patterns,
organizations can predict where problems are likely to occur and take
preventative action to mitigate these risks (Koc et al., 2023, 2022). With
access to accurate and comprehensive data, decision-makers can assess
situations more objectively and make more informed decisions. This
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leads to more effective strategies for preventing accidents, optimizing
processes, and improving overall safety and efficiency. Data-driven
systems often incorporate real-time data collection and analysis,
allowing organizations to monitor conditions as they develop and
respond immediately to emerging threats or changes (Koc et al., 2021).
This rapid response capability is essential to minimize the impact of
potential problems.

The present research also has some limitations. The proposed novel
feature selection method based on the topological approach was limited
to the likelihood of work accidents in public school maintenance pro-
jects. Also, to evaluate the effectiveness of our method, we randomly
selected only seven supervised machine learning algorithms. Different
data sets and ML-based algorithms, such as unsupervised ones, can be
added to these settings. The model could also include a variety of fea-
tures to identify key predictors of workplace accidents. This model can
be used to predict not only the likelihood of workplace accidents, but
also schedule delays, cost overruns, or the outcome type of safety in-
juries. The data was collected in one region for a specific type of project,
so new data from different regions can be included to generalize the
results of the study to whole maintenance projects. Due to data acces-
sibility limitations, we were unable to obtain extensive accident data
from public maintenance projects in schools during the course of this
study. It is well-known fact that public authorities have restriction to
provide more detailed data due to laws and regulations. However, we do
recognize that a comparison would provide a deeper validation of the
identified risk factors and introduced ML algorithm by using a new
feature selection method. The relation between the construction quality
or type and its age can influence accidents in various projects. One could
concerns about whether poor technical conditions of construction
element were identified as contributing factors to accidents. The tech-
nical condition of the elements, such as material fatigue, and outdated
design standards, are indeed significant risk factors. As buildings or
infrastructure age, the likelihood of accidents can increase if the con-
struction elements have deteriorated or if they were poorly designed. It
is important to thoroughly assess both newer and older projects to
ensure any potential risks due to poor construction or aging are identi-
fied and addressed. In this context, a more comprehensive study can be
carried out as a future project by expanding the data with attributes such
as corrosion or rusting of metal parts, outdated materials or construction
techniques, deterioration of load-bearing elements over time. Other
critical factors such as the risk management system, worker character-
istics, worker-related factors such as human behaviour, demographic
characteristics, mental health, working conditions, site characteristics,
health and safety management system can have a significant impact on
the likelihood of accidents. For example, safety training type of fre-
quency can be coded for each project under new attributes. Overall,
occupational safety in construction is a complex issue because of the
number of factors that need to be considered. We have not been able to
collect this information for all public schools as it requires more detailed
research and official permissions from public authorities for all school
buildings. Besides, the dataset should be expanded to include a wider
range of projects such as infrastructure and infrastructural projects
rather than only focusing maintenance projects to improve the repre-
sentativeness and reliability of the findings. All these limitations can be
addressed in future studies.

6. Conclusion

The current research aimed to predict occupational accidents in
school building maintenance projects using a novel topological
approach. A total of 1,807 public school buildings were renovated for
various purposes between 2016 and 2022, providing a substantial
dataset for testing our model. Using this methodology, we evaluated the
effectiveness of our model with seven different ML-based algorithms, as
well as a hybrid model, and successfully identified key factors that
predict the likelihood of workplace accidents. The results show that the
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SGB, EGB, LDA, GNB and Hybrid models performed significantly better
after implementing the topological technique, demonstrating the value
of this approach in improving prediction accuracy. A particularly
valuable aspect of this topological approach is its ability to improve the
predictive performance of ML models by streamlining the feature set,
reducing the number of required attributes while maintaining or even
improving prediction rates. This feature is particularly beneficial in
construction and maintenance contexts where data collection can be
limited or difficult. By isolating only the most critical factors, this
method allows us to build accurate, proactive safety systems without the
burden of collecting extensive, potentially redundant data. In addition,
the efficiency of this approach extends to the model development pro-
cess, significantly reducing the time required for data pre-processing and
model training. This advantage allows decision makers to implement
safety models more quickly and with greater agility, a critical factor in
responding to the dynamic, high-risk environments typical of building
maintenance projects. As a result, this approach provides a practical
solution for predicting and mitigating accidents, even in environments
with tight timelines or limited data access. Beyond immediate project
safety, the use of this topological approach has wider implications for
the construction industry. By setting a precedent for efficient, data-
driven risk management, this method can inspire future research and
development of safety systems that are both resource-efficient and
highly effective. In this way, the study not only contributes to the im-
mediate goal of accident prediction, but also supports a shift towards
sustainable, data-optimized approaches to construction safety manage-
ment, fostering a proactive culture focused on preventing incidents
before they occur.

All in all, decision-makers and construction professionals can effec-
tively control the problems associated with these projects by under-
standing the key elements that significantly influence the likelihood of
construction accidents in maintenance projects and developing predic-
tive models using innovative feature selection techniques. Construction
project management can be enhanced by using proactive systems and
advanced ML techniques.
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