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Development of a Machine Learning Prediction Model for 

Construction Safety Management 

Kerim KOÇ 

 

Department of Civil Engineering 

Doctor of Philosophy Thesis 

 

Supervisor: Assoc. Prof. Dr. Aslı Pelin GÜRGÜN 

 

Central to the entire discipline of construction safety management is the concept of 

construction accidents. Occupational accident rates in construction projects are usually 

higher than other industries in most countries, even though safety management systems 

are continuously improving. Hence, the preliminary studies exploring the consequences 

of occupational accidents have received considerable attention in research society. With 

the advance in data collection and analysis techniques, data-driven models have been 

proposed in the construction safety management research domain to predict potential 

outcomes of occupational accidents. In this context, machine learning (ML) methods can 

be used to predict various output variables to improve safety management applications in 

construction projects as part of data-driven model. Thus, the essential purpose of this 

study is to develop a data-driven ML model to predict several output variables with the 

aim of preventing occupational accidents, minimizing their severe consequences, and 

improving the conditions of workers/companies regarding occupational health and safety 

(OHS) management. To achieve the study objective, a dataset that includes nearly 

400,000 occupational accidents experienced in the construction industry in Turkey was 

taken from the Social Security Institution, which enabled to develop a robust prediction 

model and analyze occupational accidents and their precursors statistically. Based on the 

comprehensive literature review, several research gaps have been identified and 
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addressed in this study. Majority of the accident outcome prediction studies developed 

their models based on dataset captured in developed countries, while this study, for the 

first time, used a huge national dataset of Turkey. Based on the careful examination of 

the dataset and identified research gaps, four prediction models were developed. 

First, a study that integrates metaheuristics optimization algorithms and ML methods has 

not been found in the literature. Besides, despite the superiority of tree-based ML methods 

was well documented in the construction safety management research field, no previous 

study compared the performance of different tree-based ML methods. Moreover, even 

though preprocessing is the foundation of ML models, previous studies mainly ignored 

the role of comprehensive feature engineering. Finally, although several accident 

outcome prediction studies were performed in the literature, post-accident permanent 

disability status of construction workers has not been acknowledged in the literature. 

Therefore, feature engineering, tree-based ML methods and genetic algorithm were 

integrated in the first prediction model to predict post-accident permanent disability status 

of construction workers. 

The second prediction model was developed to contribute to the body of construction 

safety management by coupling wavelet transform and different ML methods to predict 

the number of occupational accidents using time series data. The motivation of 

developing this model was that time series analysis of occupational accidents has not been 

employed previously. Therefore, based on trend of past accidents, the number of future 

accidents was predicted with high prediction accuracies for short-term, mid-term and 

long-term time periods, i.e., 1-day, 7-day, and 30-day ahead, respectively. Accordingly, 

a dynamic utilization plan was proposed to the field of safety management by introducing 

a new theoretical and practical framework. 

Literature survey also showed that existing studies that uses ML methods in the 

construction safety management research field are limited and usually focus on selecting 

the most appropriate ML method rather than identifying the most effective preprocessing 

pipeline before the prediction. However, majority of time required for developing ML 

models is devoted to pre-processing. Therefore, a scenario-basis automated preprocessing 

model that identifies the best pre-processing pipeline is developed to predict the severity 

of construction accidents in the third prediction model of the study. 



xvii 

Finally, the literature on accident outcome prediction is limited in terms of dealing with 

imbalanced dataset through integrated resampling techniques and ML methods in the 

construction safety domain. Besides, previous studies on ML-based safety management 

in Turkey did not include accident outcome prediction regarding fatal and non-fatal 

accidents. Therefore, the last model includes prediction of accident outcomes (fatal vs 

non-fatal) by incorporating ML methods and resampling techniques. 

Overall, this study proposes a data-driven safety management platform and examines its 

applicability with four prediction rationale. With the findings emerged according to the 

analysis results, it is highlighted that data-driven models, which have become easily 

adaptable to the existing project management applications in the era of data, can save the 

lives of construction workers. Several utilization plans are proposed to help industry 

professionals adopt the proposed models in construction sites to predict future incidents. 

It is suggested to develop a national data-driven safety management model, as the utilized 

dataset was acquired from national institution, who mandatorily require these data from 

companies after the occurrence of accidents. The proposed framework can be used in 

construction sites to detect several output variables along with the four models examined 

in this study, which can be a valuable decision-making input for safety professionals to 

reduce the unexpected consequences of accidents. With the incorporation of this thesis 

into the construction industry, some of the occupational accidents can be prevented and 

the lives of some of the construction workers can be saved. 

Keywords: Machine learning, Artificial intelligence, Construction Safety, Occupational 

health and safety (OHS). 
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ÖZET 

 

 

İnşaat İş Güvenliği Yönetimi için Makine Öğrenmesine 

Dayalı Tahmin Modeli Geliştirilmesi 

Kerim KOÇ 

 

İnşaat Mühendisliği Anabilim Dalı 

Doktora Tezi 

 

Danışman: Doç. Dr. Aslı Pelin GÜRGÜN 

 

İnşaat güvenliği yönetiminin merkezinde inşaat kazaları kavramı yer almaktadır. İnşaat 

projelerinde iş kazası oranları, güvenlik yönetim sistemlerindeki sürekli iyileştirmelere 

rağmen çoğu ülkede diğer sektörlerden daha yüksektir. Bu nedenle, iş kazalarının 

sonuçlarını araştıran çalışmalar son yıllarda araştırmacılar tarafından büyük ilgi 

görmektedir. Veri toplama ve analiz tekniklerindeki ilerlemeyle birlikte, iş kazalarının 

olası sonuçlarını tahmin etmek için inşaat güvenliği yönetimi araştırma alanında veriye 

dayalı modeller önerilebilmektedir. Bu bağlamda, veriye dayalı güvenlik yönetimi 

uygulamalarını iyileştirmek için çeşitli çıktı değişkenlerini tahmin etmek amacıyla 

makine öğrenmesi (MÖ) yöntemleri kullanılabilir. Bu çalışmanın temel amacı, iş 

kazalarını önlemek, ciddi sonuçlarını en aza indirmek ve çalışanların/şirketlerin iş sağlığı 

ve güvenliği (İSG) ile ilgili koşullarını iyileştirmek amacıyla çeşitli çıktı değişkenlerini 

tahmin etmek için veriye dayalı bir MÖ platformu geliştirmektir. Bu çalışmadaki 

amaçlara ulaşabilmek için Sosyal Güvenlik Kurumu'ndan Türkiye'de inşaat sektöründe 

gerçekleşen yaklaşık 400.000 iş kazasını içeren bir veri seti elde edilmiş ve buna bağlı 

olarak tahmin modeli geliştirilerek kazalar ve bunlara etki eden faktörler istatistiksel 

olarak analiz edilmiştir. Kapsamlı literatür taraması yapılarak çeşitli araştırma boşlukları 

tespit edilmiş ve bunlar titizlikle ele alınmıştır. Kaza sonucu tahmin çalışmalarının çoğu 
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modellerini gelişmiş ülkelerde toplanan veri setlerine dayalı olarak geliştirirken, bu 

çalışmada ilk kez Türkiye’de toplanan oldukça büyük bir veri seti kullanılmıştır. Veri seti 

dikkatli bir biçimde incelenmiş ve literatür taraması ile belirlenen araştırma boşluklarına 

da dayanarak dört adet tahmin modeli geliştirilmiştir. 

İlk olarak, inşaatta İSG literatüründe sezgisel optimizasyon algoritmaları ile MÖ 

yöntemlerini entegre eden bir çalışmaya rastlanmamıştır. Ayrıca, ağaç tabanlı makine 

öğrenmesi yöntemlerinin inşaat güvenliği yönetimi alanında oldukça iyi performans 

gösterdiği diğer birçok araştırmacı tarafından belirlenmiş olmasına rağmen ağaç tabanlı 

makine öğrenmesi yöntemlerinin performansını karşılaştıran hiçbir çalışmaya da 

rastlanmamıştır. Bununla birlikte, makine öğrenmesi modellerinin temelinde veri ön 

işleme yatmasına rağmen, önceki çalışmalar kapsamlı bir özellik mühendisliğinin rolünü 

göz ardı etmiştir. Son olarak, literatürde birçok kaza sonucu tahmin çalışması olmasına 

rağmen, inşaat çalışanlarının kaza sonrası kalıcı iş görmezlik durumları literatürde yer 

almamaktadır. Bu nedenle, ilk tahmin modelinde özellik mühendisliği, ağaç tabanlı MÖ 

yöntemleri ve genetik algoritma entegre edilerek inşaat çalışanlarının iş kazası sonrası 

olası iş görmezlik durumları araştırılmıştır. 

İkinci tahmin modeli, zaman serisi verilerini kullanarak iş kazalarının sayısını tahmin 

etmek için dalgacık dönüşümü ve çeşitli MÖ yöntemlerini birleştirerek inşaat güvenliği 

yönetimine katkıda bulunmak için geliştirilmiştir. Bu modelin geliştirilmesinin sebebi, iş 

kazalarının zaman serisi analizlerinin daha önce yapılmamış olmasıdır. Bu nedenle, 

geçmiş kaza sayılarına dayalı olarak, ulusal ölçekte gelecek iş kazası sayıları kısa vadeli, 

orta vadeli ve uzun vadeli zaman dilimleri için, yani sırasıyla 1 gün, 7 gün ve 30 gün 

ilerisi için yüksek doğruluk oranlarıyla tahmin edilmiştir. Buna göre, daha önce 

literatürde hiç odaklanılmamış özgün bir teorik ve pratik çerçeve geliştirilerek ISG 

yönetimi için dinamik bir kullanım planı önerilmiştir. 

Literatür araştırması ayrıca, inşaat güvenliği yönetimi araştırma alanında MÖ yöntemini 

kullanan mevcut çalışmaların sınırlı olduğunu ve bu çalışmaların genellikle tahmin 

yapılmadan önce en etkili veri ön işleme adımlarını belirlemek yerine daha çok en uygun 

MÖ yöntemini seçmeye odaklandığını göstermiştir. Ancak, MÖ modellerini geliştirmek 

için gereken zamanın çoğu genellikle veri ön işlemeye ayrılmaktadır. Bu nedenle, bu 

çalışmanın üçüncü modelinde inşaat kazalarının şiddetini tahmin etmek için en iyi 

senaryoyu belirleyen senaryo bazlı otomatik bir veri ön işleme modeli geliştirilmiştir. 
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Son olarak, kaza sonucu tahminleri ile ilgili inşaat güvenliği yönetimi alanındaki 

literatürde, yeniden örnekleme teknikleri ve MÖ yöntemlerinin entegre edilerek dengesiz 

veri kümesiyle başa çıkmaya işaret eden herhangi bir çalışmaya rastlanmamıştır. Ayrıca, 

Türkiye'de MÖ tabanlı güvenlik yönetimi ile ilgili daha önce gerçekleştirilen çalışmalar, 

ölümlü ve yaralanmalı kazalara ilişkin kaza sonucu tahminini içermemektedir. Bu 

nedenle, bu çalışmada geliştirilen son tahmin modelinde, MÖ yöntemlerini ve yeniden 

örnekleme tekniklerini entegre ederek kaza sonuçlarının (ölümlü ve yaralanmalı) 

tahminine odaklanılmıştır. 

Genel olarak, bu çalışma veriye dayalı bir İSG yönetim platformu önermekte ve bu 

platformun uygulanabilirliğini dört tahmin modeliyle test etmektedir. Bu çalışmada 

ayrıca, analiz sonuçlarına göre ortaya çıkan bulgulara bağlı ve günümüz veri çağında 

mevcut proje yönetimi uygulamalarına kolayca uyarlanabilir bir model geliştirerek, inşaat 

sektörü çalışanlarının hayatlarının kurtarılabileceği vurgulanmaktadır. Sektör 

profesyonellerinin gelecekteki potansiyel iş kazalarını ve/veya bunların etkilerini tahmin 

etmek için ve bu modelleri uygulamalarına yardımcı olmak için çeşitli yol haritaları da 

bu çalışma kapsamında önerilmiştir. Kullanılan veriler, kazaların meydana gelmesinden 

sonra ilgili kurumlarca zorunlu olarak talep edildiği için, ulusal bir veriye dayalı güvenlik 

yönetimi modelinin geliştirilmesi ve buna ön ayak olması bu çalışmanın en büyük 

katkısıdır. Önerilen platform, kazaların beklenmedik ve istenmeyen sonuçlarını azaltma 

noktasında İSG uzmanları için değerli bir karar verme girdisi olabilecek ve önerilen dört 

modelle birlikte çeşitli çıktı değişkenlerini tespit etmek için şantiyelerde 

kullanılabilecektir. Bu çalışmanın sektöre entegrasyonu ile birlikte iş kazalarının bazıları 

engellenebilecek ve bazı çalışanların hayatları kurtarılabilecektir.  

Anahtar Kelimeler: Makine öğrenmesi, Yapay zekâ, İnşaat güvenliği, İş sağlığı ve 

güvenliği (İSG). 
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1 

INTRODUCTION 

 

1.1  Literature Review 

Construction industry is envisaged to be among the most demanding and dangerous 

industries [1]. Therefore, it is well documented that construction workers have higher 

probabilities to experience severe accidents compared to workers in other sectors [2].  

Construction sector accounts for nearly 35% of occupational fatalities globally compared 

to other sectors [3].  Even though several improvements have been performed in safety 

management practices in the industry, still, there is a need for growing interest given by 

both practitioners and researchers. Thus, central to the entire discipline of construction 

safety management becomes the concept of construction accidents. 

Goh and Ubeynarayana [4] states that past construction accidents can provide a 

significant information to estimate future accidents and inevitably reduce their severe 

consequences. Based on the collected data from various institutions, machine learning 

(ML) methods can be used effectively to improve construction safety management 

applications within the context of smart construction and safety management. A 

comprehensive literature survey revealed that there are a variety of output variables that 

can be predicted to prevent their future re-occurrences. Some of the pivotal areas are 

classification of construction accident type [5], accident outcome  [1], severity of 

accidents [6], body part injured [7], type of work [8], and energy type [7]. 

From the methodological point of view, several ML methods were implemented in the 

construction safety management such as support vector machine (SVM) [9], adaptive 

boosting (AdaBoost) [2], naïve bayes (NB) [10], and random forest (RF) [11], artificial 

neural network (ANN) [12], and deep neural network (DNN) [13]. In order to calibrate 

the optimum parameter configurations of the adopted ML methods, many researchers 

used trial-error [6] or grid search [14] algorithms. Similarly, some of the preprocessing 

elements such as data resampling (i.e., RUS [11]), data binning (i.e., age of the worker 

[15]), or outlier handling [4] were employed to prepare the data before the predictions. 

These algorithms were subjected to several data sources such as national data  [2], data 

collected from construction site  [16], or accident narratives subjected to natural language 
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processing  [5]. These datasets were collected from a variety of countries such as the U.S. 

[5], Korea  [2] and Turkey  [16].  

However, comprehensive literature review shows that there are significant research gaps 

in the relevant literature, which are addressed in this thesis. First of all, majority of 

research on accident outcome prediction relied on datasets taken from construction 

companies or accident reports. Only a limited number of studies used past accident 

records taken from national institutions. Similarly, majority of the used data were from 

developed countries, while this study statistically investigated national occupational 

accident dataset of Turkey. 

On the other hand, the literature on accident outcome classification disregarded 

metaheuristic optimization algorithms despite their effectiveness in finding optimum 

hyperparameters. In one of the models developed in this study, GA was incorporated in 

the permanent disability prediction, and accordingly parameters of four tree-based 

ensemble ML models were configured. Likewise, despite addressing some of the 

preprocessing steps, none of the previous studies in the pertinent literature adopted a 

systematic feature engineering (or preprocessing) approach, while this was also 

considered in the permanent disability prediction model. In this vein, one-hot encoding 

was subjected to nominal features while label encoding was subjected to numerical 

features and all the features were scaled with the standard scaler method. Then, since the 

dimension of the dataset was increased significantly, there exist a significant 

computational burden, especially considering the GA method application. Therefore, 

principal component analysis (PCA) was employed to reduce the dimension of the 

dataset, while ensuring the statistical significance in the remaining information. 

During the development of permanent disability model, it was observed that selecting the 

most appropriate preprocessing pipeline is probably as significant as selecting the most 

appropriate ML method. In fact, majority of time to develop prediction model is generally 

devoted to preprocessing, not the ML model setup. Existing literature, neither on 

construction safety management nor any other research domain, however, did not indicate 

any certain model that selects the most powerful preprocessing pipeline. Therefore, to fill 

the gap in the literature, we further developed a scenario-based automated preprocessing 

model to predict the severity of construction accidents. 
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The dataset used in this study was severely imbalanced regarding fatal accidents and non-

fatal accidents. The literature highlights the role of resampling techniques in imbalanced 

ML applications. Therefore, in one of the models developed within the scope of this 

thesis, we examined the impact of several data resampling methods in the accuracy of 

accident outcome prediction. Class imbalance is particularly important in construction 

safety management research domain as minority class usually indicates more important 

outcomes such as fatality compared to non-fatal accidents or accidents compared to non-

accident cases. Since detecting minority class is of importance in practice, this model is 

expected to provide practitioners with significant basis for developing proactive safety 

management platform. 

It was also realized that time series analysis has not been performed previously despite 

huge national datasets. Since, the collected data comprises accident instances throughout 

nearly a decade, the number of accidents in each day can be acquired and statistically 

investigated. Then, with the concept of time-series analysis, the number of future 

accidents can be predicted based on past accident trends. In this vein, for the first time in 

the construction safety literature, one of the developed models within the scope of this 

thesis integrated ML methods with wavelet transform to predict the number of accidents 

for one-day, one-week, and one-month ahead.  

Overall, several research gaps were identified based on a comprehensive literature survey 

and various prediction schemes were developed in this thesis. The common objective of 

all the proposed models is to develop a prediction model based on national occupational 

accident dataset in order to present a proactive and data-driven construction safety 

management platform. In the era of industry 4.0, the importance of data-driven platforms 

cannot be ignored, especially in the construction safety management research field. 

Because the application of data-driven models can save hundreds of lives if effectively 

implemented in construction projects. Here, the proposed models can be used in 

construction projects as the included features are already required by the Social Security 

Institution (SSI). The findings of this thesis are also expected to help researchers develop 

more robust ML models not only in the construction safety management field, but also 

other sub-fields of construction management. 
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1.2 Objective of the Thesis 

The aim of this thesis is to develop machine learning prediction models using national 

dataset acquired from the Social Security Institution. The main motivation to perform this 

study was the Occupational Health and Safety Law (Law no: 6331) [17] enacted in 2012. 

The law states that employers must not only record occupational accidents but also report 

these accidents to the SSI within three days following the accident. Therefore, despite 

there were only 425 recorded occupational accidents in the Turkish construction industry 

between 1987 and 2011, there were nearly 400,000 recorded accidents between 2012 and 

2020 (as of October, with NACE codes of 41, 42, and 43). Accordingly, several 

researchers used this dataset to observe the precursors of occupational accidents 

experienced in Turkey. Comprehensive literature survey showed that one of the 

promising research directions to improve construction safety management applications is 

to develop data-driven prediction models. Therefore, national dataset collected from the 

SSI was diligently investigated to develop effective machine learning models, address 

identified gaps, and show the applicability of using nation-wide dataset to prevent severe 

accidents and/or their consequences. Overall aim of the thesis was to develop a national 

prediction framework that detects several undesired outcomes prior to their occurrence to 

put them in use for effective data-driven safety management applications. Specific 

objectives of the proposed models can be summarized as follows: 

• Model 1 aims to develop a comprehensive framework to predict the post-accident 

disability status of construction workers. Comprehensive feature engineering 

methodology, genetic algorithm (GA), and comparison of tree-based ML methods 

are initially employed, which constitute the methodological novelty of the study. 

• Model 2 aims to contribute to the body of construction safety management by 

coupling discrete wavelet transform (DWT) and different ML methods to predict 

the number of occupational accidents using time series data. Methodological 

contribution of the study is that DWT and ML methods were initially integrated 

in the construction safety management literature. 

• Model 3 aims to develop a scenario-basis automated preprocessing model that 

identifies the best scenario to predict the severity of construction accidents. Main 

motivation to conduct this study is that existing studies usually focus on selecting 
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the most appropriate ML method rather than identifying the most effective 

preprocessing pipeline before the prediction. Hence, a novel pre-processing model 

is proposed in this study. 

• Model 4 aims to predict occupational accident outcomes using ML methods 

coupled with several resampling strategies. The main motivation to develop this 

prediction scheme was that there is a significant imbalance between number of 

fatal and non-fatal accidents, and selection of data resampling technique impacts 

the prediction rationale significantly. 

Overall, this thesis is expected to contribute to society through several models to prevent 

high severe accidents in construction projects. The proposed solutions can also contribute 

to theory by filling several gaps in the literature. With this thesis, the importance and 

effectiveness of data-driven safety management applications are acknowledged. 

1.3 Hypothesis 

Main hypothesis is that data-driven safety management framework can be generated 

based on national occupational accident dataset, aiding to prevent some of the severe 

accidents. Correspondingly, sub-hypotheses of this study can be summarized as follows: 

• Hypothesis 1: National occupational accident datasets can be used in prediction 

models to detect and prevent high severe accidents with high accuracy. 

• Hypothesis 2: Occupational accident outcomes are influenced by all worker-

based, time-based, and company-based attributes. Therefore, necessary mitigation 

measures should be developed based on the characteristics of workers and 

dynamics of companies, and particular constraints of time periods. 

• Hypothesis 3: Integrating feature engineering, genetic algorithm, and tree-based 

ML methods can present a useful means to detect post-accident permanent 

disability status of construction workers. 

• Hypothesis 4: By using historical time series data, number of future accidents can 

be predicted with high accuracies for short-, medium-, and long-term time 

horizons. 

• Hypothesis 5: Hybridizing discrete wavelet transform (DWT) with ML methods 

can improve prediction performance of stand-alone ML models in detecting 

number of future nation-wide occupational accidents in the construction sector. 
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• Hypothesis 6: Comprehensive scenario-based preprocessing model may help 

improve prediction performance of ML methods significantly. 

• Hypothesis 7: Preprocessing pipeline of: (i) Not removing missing data, (ii) Not 

applying data binning, (iii) Considering outliers, (iv) Applying Min-Max-Scaler 

(v) Applying one-hot encoding, and (vi) data resampling with random 

oversampling (ROS) yields the highest prediction performance compared to other 

preprocessing elements. 

• Hypothesis 8: Proactive data-driven construction safety management framework 

can be used throughout specific periods, i.e., daily, weekly, or monthly-basis. 

• Hypothesis 9: Data resampling methods have significant impacts on the accident 

outcome prediction and different resampling methods can yield the highest 

prediction power if integrated with different ML methods. 
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2 

LITERATURE REVIEW 

 

2.1 Construction Safety Management in Turkey 

Safety is one of the most prevalent issues in construction projects worldwide (Choi et al. 

2020). The lack of enforcement, particularly in developing countries, makes regulations 

non-functional and falls short of achieving their objectives regarding the safety 

performance of construction projects [18]. In Turkey, “Occupational Health and Safety 

Regulation in Construction Works” [19] defines the procedures and necessary measures, 

the responsibilities of parties, and the way safety plans should be prepared in the industry. 

Statistics show that Turkey is the 9th and 18th most unsafe country (among 73) regarding 

the rate of occupational fatalities and non-fatal occupational injuries to insured workers, 

respectively [20]. According to the Social Security Institution of Turkey [21], there were 

368 fatal accidents in the construction industry in 2019. In the same year, non-fatal 

accidents caused over 2.5 million lost workdays.  

Due to the above-mentioned reasons, construction safety management is one of the most 

investigated topics in the country to address diverse range of challenges. Gurcanli et al. 

[22] stated that the majority of the fatal occupational accidents occurred on small or 

middle scaled residential projects. Yılmaz and Uğur [23] compared the estimated OHS 

cost with actual OHS cost in the maintenance and repair projects in Turkey and found 

that they were 3.58% and 3.98% of the approximate total costs, respectively. Uzun et al. 

[24] proposed a framework for safety practices in architectural restoration and 

conservation projects by concentrating particular risk factors common in these projects 

including physical, chemical, biological, and ergonomic. Olcay et al. [25] examined fatal 

construction accidents in Turkey between 2012 and 2019, and found that there were no 

strong interrelationships among several attributes such as geographical zone, type of 

accident, profession, injured body part, construction site, and accident environment. 

Başağa et al. [26] addressed the need to improve the efficiency of safety training in the 

construction sector and investigated how the OHS training would be provided to the 

employees. They also underlined that taking divergent employee characteristics, such as 

education level, age, and work experience, into the consideration is essential during OHS 
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training. Since the fatality rate is still high in the country, developing prediction models 

and data-driven safety management plan aiding to detect accident outcomes proactively 

is required to prevent accidents and improve OHS management applications. 

2.2 Machine Learning Applications in Construction Safety 

An evolving and nascent AI body of knowledge has shown an expansive improvement in 

the field of construction safety management, which is recently supported by more 

accessible accident datasets. In this context, past datasets are valuable sources of 

information required for constituting virtual environments to make smart decisions 

regarding the accidents that are likely to occur in future (Goh and Ubeynarayana 2017). 

Based on the scope of the datasets and varying research goals, many scholars developed 

a great number of prediction models, providing a new practical lens to the body of 

construction safety management. 

In this vein, Mistikoglu et al. (2015) used the decision tree (DT) method based on national 

data from the US Occupational Safety and Health Administration for a binary 

classification problem of accident outcome (fatal vs. non-fatal). A similar approach was 

also adopted by Ayhan and Tokdemir (2020) for a binary classification of accident 

severity (low severe vs high severe) by using an artificial neural network (ANN) with the 

data collected from construction companies. With a comparative perspective, Choi et al. 

(2020) evaluated the performances of several ML methods such as DT, logistic regression 

(LR), AdaBoost and RF to provide the most effective method in accident outcome 

prediction based on the national accident dataset of the Republic of Korea. The 

researchers suggested the RF method according to the performance scores obtained. 

Along with accident severity, Tixier et al. (2016) approached other aspects of accident 

outcomes such as energy type, injured body part, and type of accident as multi-label 

classification problems. They used RF and stochastic gradient tree boosting (SGTB) to 

model construction injury reports subjected to the natural language processing (NLP). 

Accident type classification was another frequently focalized direction and considered by 

Kang and Ryu (2019), Zhang (2019), and Cheng et al. (2020). In this context, Cheng et 

al. (2020) utilized the NLP before applying the gated recurrent unit (GRU), in which the 

best parameters were identified via symbiotic organisms search (SOS). Zhang (2019) 

developed a deep neural network (DNN) structure and compared its results with five 

baseline ML methods such as DT, LR, support vector machine (SVM), k-nearest neighbor 
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(KNN), and naïve bayes (NB). While these two studies adopted the NLP approach, Kang 

and Ryu (2019) used the national dataset of the Republic of Korea, and focalized the 

feature importance to reduce and/or prevent occupational injuries based on the RF 

method. Ajayi et al. (2020) adopted a text mining approach and developed four prediction 

models, such as injured body part, lost time, binary outcome classification and, damage 

to fleet, utility, and equipment, using the DNN method. By adopting a similar approach 

but several ML methods such as RF, SVM, and XGBoost, Baker et al. (2020) focused on 

three aspects of accidents such as injured body part, accident severity, and type of 

accident. Different from all these studies, Ghodrati et al. (2018) approached safety 

outcomes with reference to the number of claims and number of entitlement claims using 

multiple regression (MR) analysis. A detailed literature survey showed the following 

research gaps: (1) A study that predicts the post-accident permanent disability status of 

construction workers has not been performed previously, (2) None of the past research 

integrated ML methods and metaheuristic optimization algorithms, (3) Despite the 

importance of data resampling methods, the pertinent literature overlooked the 

comparative analysis of data resampling methods and ML methods in the construction 

safety management, (4) A comprehensive feature engineering approach has not been well 

documented in the construction safety management research domain, (5) Despite the 

robustness of different tree-based methods has been acknowledged in the literature, no 

prior study compared the performances of several tree-based methods, (6) Time series 

analysis that integrates ML methods with wavelet transform has been neglected so far, 

(7) Although preprocessing is the fundamental of ML model development, there is no 

study in the literature that provides the most effective preprocessing pipeline. These 

research gaps formed the motivation to develop prediction models within the context of 

this thesis. 
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3 

INTEGRATING FEATURE ENGINEERING, 

GENETIC ALGORITHM AND TREE-BASED 

MACHINE LEARNING METHODS TO 

PREDICT THE POST-ACCIDENT DISABILITY 

STATUS OF CONSTRUCTION WORKERS 

 

This chapter was published in Automation in Construction, vol. 131, p. 103896 as a 

research article. 

3.1 Introduction 

The uncertain nature of construction projects entails high risk with a diversity of 

consequences such as project delay, cost overrun, occupational accidents resulting in 

permanent disability, and fatalities globally [7], [27], [28]. Particularly, safety issues in 

the construction industry cause not only permanent disability, and heavy loss of casualties 

for workers, but also significant social and economic costs [29], [30]. The risk of workers 

experiencing occupational accidents in the construction industry is higher than in other 

sectors in most countries [2]. Therefore, there is an urgent need to reduce the number of 

construction accidents and their severe consequences to provide workers with safer work-

life conditions in construction projects. 

Permanent disability or permanent incapacity for work is the condition of an injured 

worker who loses a part of or the entire earning capacity due to an occupational accident. 

Accidents leading to fatality, permanent disability, and irreversible health effects are 

considered to be at the top of injury severity levels, referred to as “catastrophic events” 

[31]. Over 11% of all disabilities occur as a result of occupational injuries globally [32]. 

As a result, construction accidents that result in permanent disability have a variety of 

adverse effects, including productivity loss, recruiting cost, compensation cost, 

compensation claim, and reputation loss [33]. Besides, construction workers who carry 

out their job to meet the housing needs of future generations are at high risk of not being 

able to meet their own needs. 
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According to the Republic of Turkey, Social Security Institution [21], 1,586 workers 

received permanent disability income after severe construction accidents in 2019, 

accounting for nearly 37% of all industries. In Turkey, the rate of permanent disability is 

even higher than the fatality rate in the construction industry (32%) compared to other 

industries. For every 10-million-dollar GDP contribution to the economy, a worker 

becomes disabled in the construction industry in the country [34]. Hence, proposing a 

remedy to minimize work disability among construction workers could reduce extensive 

social and economic burdens among workers, employers, industry, and even society [35]. 

Additionally, predicting the post-accident disability status of construction workers could 

aid in productivity planning, input availability for enhanced decision-making, and early 

payment planning for practitioners and policymakers. 

Despite all these facts, the condition of permanently disabled construction workers after 

the accident is seldom examined in the literature regarding the predictive models. 

Therefore, this study aims to predict the permanent disability status of construction 

workers post-accident. Based on the diligent investigation of models and approaches 

proposed in the literature, it is attempted to fill research gaps in several ways and 

contribute to the well-being of construction workers. Major research gaps and 

corresponding contributions of the study are: 

• It aims to predict construction injury outcomes for the worker regarding 

permanent disability in a binary classification by using several machine learning 

(ML) algorithms. In other words, whether the workers would be incapable of 

performing their works permanently or not as a result of construction accidents is 

the primary focus of the investigation. The proposed model can be run by 

construction firms and/or related institutions after an occupational accident as a 

practical implication. Literature related to permanent disability heavily relies on 

qualitative studies. On the other hand, limited quantitative studies use several 

methods and approaches rather than prediction models based on machine learning 

algorithms. 

• A prediction model is proposed based on tree-based ensemble ML algorithms: 

Random Forest (RF), Adaptive Boosting (AdaBoost), eXtreme Gradient Boosting 

(XGBoost), and Extremely Randomized Trees or shortly Extra Trees (ET). Tree-

based ensemble ML methods have not been comparatively investigated in the 

construction safety management literature. Past researches frequently highlighted 
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the high performance of tree-based algorithms in the field [2], [11], [36]. The 

approach proposed in this study aims to provide a potential guideline for 

researchers who investigate means to increase the accuracy of prediction models 

in this area. It also provides insights for safety professionals and policymakers to 

improve safety management processes and applications in construction projects. 

• This study uses the state-of-the-art optimization algorithm, namely genetic 

algorithm (GA), for parameter tuning in all the adopted ML models. GA has been 

successfully applied in predictive models in other domains [37], [38]. However, 

it has limited implementations for parameter tuning of ML methods specific to the 

construction safety management area. Integrating optimization algorithms for the 

hyperparameter tuning of ML methods provides a powerful means to enhance the 

accuracy of predictions. Thus, coupling the tree-based ensemble models with GA 

could aid in developing more robust safety management practices by increasing 

the performance of applied models. 

• Detailed multi-step feature engineering is presented for pre-processing, which 

includes data encoding, data scaling, dimension reduction, and data resampling. 

Such a comprehensive pre-processing approach has rarely been applied in this 

field. Data pre-processing is a fundamental and preliminary step for developing 

prediction models, which also forms a basis for predicting a target variable. 

Therefore, an integrated feature engineering procedure through multi-stage pre-

processing is aimed to improve the prediction accuracy of enhanced safety of 

workers in the construction industry. 

3.2 Background 

3.2.1 Machine Learning in Construction Safety 

There has been a promising awareness among scholars about the contributions of 

historical databases to predict future accidents, which would aid the prevention of severe 

accidents [4]. Studies have been published regarding the prediction of several measurable 

units to enhance safety practices in construction projects recently. Some of the pivotal 

outcomes predicted are construction accident outcome, accident type, energy type, and 

body part injured. Researchers used either dataset collected from various national 

institutions and construction companies, or narratives subjected to natural language 

processing. Some studies in occupational accident prediction in the construction industry 

are shown in Table 3.1.
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Table 3.1 Selected studies of occupational accident prediction in the construction 

industry. 

Reference Year Data source 

Adopted 

ML 

models 

Predicted 

output 

Number of 

output 

elements Major results 

 [1] 2015 
National data 

(US OHSA) 

DT (C5.0 

and 

CHAID) 

Accident 

outcome (i.e., 

injury and 

death) 

2 

Fatality risk is 

positively 

correlated with 

fall distance and 

negatively 

correlated with 

the provision of 

safety training. 

The prediction 

accuracy was 

slightly higher 

with the C5.0 

algorithm. 

 [7] 2016 

Construction 

injury reports 

(captured from 

470 

contractors) 

RF, 

SGTB 

Injury type 

(fall, struck by, 

etc.), energy 

type (biological, 

mechanical, 

etc.), body part 

(head, neck, 

etc.), injury 

severity (first 

aid, medical 

case, etc.) 

5,7,5,3 

Based on RPSS 

values, SGBT 

showed better 

performance in 

all 

classifications. 

 [9] 2016 

Data captured 

from wearable 

inertial 

measurement 

units 

One-class 

SVM 

Near miss fall 

detection (i.e., 

near miss, 

normal walk) 

2 

Among 

experiments 

performed in the 

laboratory and 

outdoors, total 

accuracy was 

slightly higher in 

the laboratory 

(86.8% compared 

to 85.2%). 

 [4] 2017 

National 

construction 

narratives (US 

OHSA) 

SVM, 

LR, RF, 

KNN, 

DT, NB 

Accident type 

(i.e., 

electrocution, 

exposure to 

chemical 

substances, 

explosion, falls, 

etc.) 

11 

Linear SVM and 

RBF-SVM with 

unigram 

tokenization were 

the best 

classifiers based 

on the F1 score. 

 [39] 2018 

Foot plantar 

pressure 

distribution 

data collected 

by a wearable 

insole pressure 

system 

ANN, 

DT, 

KNN, 

SVM 

Awkward 

working 

postures (i.e., 

overhead 

working, 

squatting, 

stopping, semi-

squatting, one-

legged 

kneeling) 

5 

Based on cross-

validation results, 

SVM showed the 

highest 

prediction 

performance 

according to 

accuracy score. 
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Table 3.1 Selected studies of occupational accident prediction in the construction 

industry (continued) 

Reference Year Data source 

Adopted 

ML 

models 

Predicted 

output 

Number of 

output 

elements Major results 

 [11] 2019 

National 

accident 

(KOSHA) and 

meteorological 

(KMA) data  

RF 

Accident type 

(i.e., falls from 

height, collision 

by object, 

rollover, falling 

object)  

4 

The accuracy of 

RF was 71.3%. 

Assailing 

materials and 

original-cause 

materials were 

the most 

influential 

attributes. 

 [5] 2019 

National 

construction 

narratives (US 

OHSA) 

SVM, 

LR, 

KNN, 

DT, NB 

Accident type 

(i.e., 

electrocution, 

exposure to 

chemical 

substances, 

explosion, falls, 

etc.) 

11 

SQP algorithm to 

optimize the 

weight of each 

classifier to 

develop 

ensemble model 

outperformed rest 

of the models 

based on 

weighted average 

F1 score. 

 [16] 2019 

Construction 

companies 

comprising 87 

construction 

sites 

ML, 

ANN 

The severity of 

accidents (at-

risk 

behavior/near 

miss, incidents 

with material 

damage, first 

aid, medical 

intervention, 

lost workday 

cases, fatalities) 

6 

ANN showed 

higher 

performance 

while integrating 

fuzzy set theory 

improved the 

prediction of at-

risk behavior and 

lost workday 

cases. 

 [2] 2020 

National 

accident data 

(MOEL of the 

Republic of 

Korea) 

LR, DT, 

RF, 

AdaBoost 

Accident 

outcome (i.e., 

injury and 

death) 

2 

RF showed the 

highest 

prediction 

accuracy 

according to 

AUROC. The 

month and 

employment size 

were the most 

influential 

factors. 

 [8] 2020 

From a 

construction 

company 

SVM, 

DT 

Year, type of 

work, type of 

accident, 

injured part, 

assailing 

materials, 

severity, and 

cause of the 

accident 

Several 

combinations 

Seven trials by 

taking one 

attribute as 

output and others 

as input showed 

that accuracy was 

the highest when 

the cause of the 

accident was set 

as an output 

variable. 
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Accident classification is another under-researched area in the literature. Goh and 

Ubeynarayana [4] compared the performances of SVM, LR, RF, KNN, and NB 

algorithms to classify construction accidents into 11 labels, such as electrocution, 

exposure to chemical substances, and explosion. The researchers used word stemming for 

pre-processing and grid search algorithms for parameter optimization of machine learning 

models. Based on the data collected from the US OHSA, it was found that SVM with 

unigram tokenization outperformed other models with respect to the F1 score, in which 

electrocution was the most correctly labeled case. By using the dataset from the same data 

source, Zhang et al. [5] proposed an ensemble prediction model based on SVM, LR, 

KNN, DT, and NB algorithms. The researchers used a sequential quadratic programming 

algorithm to optimize the weights of stand-alone ML models, which improved the 

prediction performance with respect to the average weighted F1 score. Kang and Ryu [11] 

focused on the RF algorithm for construction accident type prediction. The researchers 

removed the classes of less than 10% and used random under-sampling (RUS) to solve 

the class imbalance issue. The RF algorithm showed a prediction accuracy of 71.3%, and 

assailing materials and original-cause materials were the most influential attributes. 

For accident severity classification, Ayhan and Tokdemir [16] conducted the latent class 

clustering analysis for dimension reduction before performing the ANN algorithm. The 

researchers showed that implementation of fuzzy set theory improved the prediction 

accuracy with respect to at-risk behavior and lost workday cases severity levels. Antwi-

Afari et al. [39] compared the performances of ANN, DT, KNN, and SVM to predict 

awkward working postures based on data captured through a wearable insole pressure 

system. The cross-validation results showed that SVM achieved the highest accuracy 

score. Tixier et al. [7] developed a prediction model for injury type, energy type, body 

part, and injury severity classifications using random forest and SGTB algorithms. They 

found SGBT was showing better performance compared to random forest algorithm in 

all classifications based on the construction injury report collected from 470 contractors. 

Another study to develop different classification schemes was performed by Lee et al. 

[8], based on a dataset collected from a company. The researchers predicted several 

attributes such as the year, cause of the accident, and type of the accident with SVM and 

DT models. They found that the accuracy was the highest when the cause of the accident 

was set as the output variable. A comprehensive literature review shows that the accident 

outcome with respect to permanent disability has not been investigated on a prediction 
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level. In addition, the adoption of GA for tuning the hyperparameters of ML models has 

been overlooked in the construction safety literature. Furthermore, past research on 

construction accident outcome prediction lacks a detailed feature engineering approach, 

which has been considered as a multi-step perspective in this study. 

3.2.2 Methodological Background 

In recent years, quantitative and qualitative approaches have gained significant interest in 

the construction safety literature. Between the two, quantitative research has become 

more dominant, particularly with the advancements in artificial intelligence techniques. 

Recent evidence suggests that machine learning methods are among the most prominent 

instruments. Therefore, prediction researches related to construction accidents have been 

carried out using various machine learning methods, such as RF [11], DT [1], SVM [9], 

KNN [39], NB [5], ANN [16], and Adaboost [2]. 

Data pre-processing has a significant impact on prediction models by improving the 

practicality and model efficiency, as the data sets associated with construction accidents 

contain plenty of variables. There are several categorical attributes affecting construction 

accident outcomes, and the dimension of a problem increases with the implementation of 

data encoding (specifically one-hot encoding). Therefore, performing the dimensionality 

reduction strategies is effective in reducing the complexity of both the model and 

computations. 

Hyperparameter tuning is one of the challenges inherent in ML methods. Depending upon 

the selected ML methods, several internal parameters are needed to specify the optimum 

model configuration. Therefore, several techniques have been presented in the pertinent 

literature to optimize the parameters of ML methods. Choosing an appropriate 

hyperparameter tuning strategy is critical for controlling the overall behavior of the 

employed methods. The methodological background of this study comprises the 

following sub-sections: 3.2.2.1. Tree-based machine learning methods, 3.2.2.2. 

Dimensionality reduction, and 3.2.2.3. Hyperparameter optimization. 

3.2.2.1 Tree-based ML Methods 

The classical learning algorithms generate a single model from a training sample, while 

tree-based ensemble methods ground on the training of several algorithms to deal with a 

single problem. Hence, ensemble methods compose multiple models by training samples 

and combining the results depending on classification or regression purposes. These 
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algorithms have been the subject of great interest in prediction studies, as they provide 

information on causal effects and processes [40]. Additionally, they can render the 

importance levels of the attributes and allow improved evaluations of the obtained results. 

Thus, the ability to explain the cause and effects between the predictors and targets makes 

the tree-based models more interpretable compared to other ML methods [41]. They can 

provide considerably high performance in handling different predictor variables [42]. 

In this study, Random Forest, XGBoost, Adaboost, and Extra Trees were used to 

predicting the permanent disability of construction workers. The working principles of 

these methods are illustrated in Figure 3.1. In general, tree-based machine learning 

methods are systems that comprise a set of branches and nodes, providing the best 

splitting strategy by starting from the top or root of the tree to estimate the class label or 

numerical values [40]. They are mainly based on the recursive splitting strategy of 

training samples. This process stops at the last branches, where the splitting can no longer 

be achieved, and the uniformity (or homogeneity) is provided in the sub-nodes. 

The fundamental of tree-based methods is the splitting of decision trees (DT), which relies 

on a set of “if-then” rules that can be visualized by a tree [43]. Even though decision trees 

have some pros, such as enabling interpretability with their easy-to-understand schemes 

[44], they are also associated with some cons that make them less useful. For instance, 

the predictions are likely to be time-consuming and less accurate, especially when the 

problem is complex. Besides, they are prone to overfitting due to the inherent model 

instability, in which a slight change in a training set may cause significant variations in 

the predicted outcomes [45]. To overcome these challenges, more advanced models, such 

as random forest and boosted trees, are introduced. 

RF is a non-parametric method that combines DT with the ideas of bagging and bootstrap, 

giving considerably accurate results in both regression and classification problems [46]. 

The RF method provides high predictive performance in large datasets containing 

numerous independent variables and missing values. In addition, it is described as a 

resolute algorithm against commonly encountered problems in ML algorithms, such as 

overfitting. The RF adopts the principle of combining predictive trees based on the values 

of independently sampled random vectors [47]. The classical Classification And 

Regression Trees (CART) algorithm is used for the generation of trees in the RF modeling 

system [48]. However, different from the CART, the best branching methodology is 

grounded in using the entire database. RF determines the best-branched variable in each 
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leaf node using the random subspace method. Despite these advantages, RF has a 

downside of predisposing the features, which affect the dataset with categorical attributes 

at different levels significantly. 

 

Figure 3.1 Working principles of tree-based ensemble machine learning methods 

Extremely Randomized Trees or shortly Extra Trees (ET) is used for both classification 

and regression problems. Essentially, ET has a similar philosophy to the classical RF, yet 

it differs according to two fundamental points [49]. The first difference comes from the 

fact that ET separates the nodes by choosing completely random cut-points. Similar to 

RF, a random subset of input features is used. However, instead of searching for the best 
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threshold value when splitting the nodes, a random cut-point value is assigned for each 

aspect in the input data [50]. The aim is to reduce the high computation load, which occurs 

as a result of finding the optimum split for each node, as well as to achieve more tree 

diversity. In addition, the learning process is furthered in the ET method in comparison 

with other tree-based algorithms. The second difference comes from using the entire 

learning instance to grow trees rather than bootstrap copying [51]. Even though using the 

whole dataset for training results with a decrease in bias with the application of random 

splitting for each node, this process also leads to a decrease in the variance. 

As a general ensemble methodology, boosting is based on the principle of employing 

many weak learners, such as classifiers that have relatively high bias error, one after the 

other, to increase the classification accuracy [2]. The AdaBoost inherently benefits from 

the DT in the generation of the weak classifiers. Each weak classifier focuses on the 

training of instances that are incorrectly classified by the previous weak classifier to re-

classify them properly. In other words, the misclassified samples are identified at each 

iteration to increase their weights as the next classifier elaborates to provide the correct 

classification of the previously misclassified data points. It is important to note that the 

output of the system is obtained by the weighted average of the outputs of weak learners. 

AdaBoost mainly minimizes the exponential loss function, which makes the algorithm 

sensitive to outliers. 

Gradient boosting was introduced for the utilization of any differentiable loss functions 

[52]. Even though the Gradient Boosting Decision Trees (GBDT) are more robust than 

Adaboost in the detection of outliers, its proper regularization of additive iterative process 

limits the generalization of the GBDT algorithm, such that the regularization is controlled 

by the complexity of the model. Therefore, the XGBoost algorithm was proposed to 

improve the performance of the GBDT. Different from the GBDT, XGBoost may yield 

higher accuracy by using various regularization techniques and controlling the 

complexity of trees [53]. With its advanced system comprising parallel tree boosting, both 

regression and classification problems can be solved by employing the constructed 

boosted trees [48]. In addition, the primary reason underlying the superiority of the 

XGBoost is the objective function used during the learning process. The objective 

function comprises a loss function and a regularization term. The loss function calculates 

the difference between each estimated value and the actual value, as the regularization 

term controls the complexity of the model, all while avoiding overfitting in the model. In 



20 

addition, XGBoost adopts the second-order Taylor expansion to the loss function to 

achieve the minimization of objective function [54]. Thus, the algorithm not only 

provides fast computation processing but also enables achieving more reliable results 

based on its robust structure. 

3.2.2.2 Dimension Reduction 

In several disciplines, large datasets could be challenging to use, particularly with the 

application of machine learning methods along with parameter optimization. Therefore, 

dimensionality reduction strategies have been proposed to represent high-dimensional 

data with a smaller number of components. With these methods, preserving the statistical 

information and increasing the interpretability is satisfied [55]. There are several 

dimension reduction techniques employed in the literature, such as discriminant analysis, 

singular value decomposition, and Principal Component Analysis (PCA). Among them, 

PCA is the most widely used method in construction safety literature as a prominent tool 

for dimensionality reduction [3], [56]–[58]. 

The basic principle of the PCA relies on representing the high dimensional sample space 

using the lower dimensional sample sets without losing vital information. Each principal 

component contains information from all variables. Through PCA, both visualization and 

interpretability of the original data set are provided [59]. Additional features, which are 

transformed into the new orthogonal coordinate system, are extracted and arrayed in 

descending order, in which the first component explains an essential part of the original 

data by capturing the most significant variance. In addition, accomplishing the 

uncorrelated structure among the principal components, one of the preeminent problems 

frequently encountered in modeling studies [60], is vital to avoid linearity [61]. 

3.2.2.3 Hyperparameter Optimization 

Determining the hyperparameters of machine learning methods is crucial for the 

identification of optimum model configurations. Hyperparameter optimization controls a 

model’s learning process. There are numerous methods for hyperparameter tuning, such 

as trial-error, grid search, random search, Bayesian optimization, and meta-heuristic 

algorithms. Some of them include an exhaustive process for users, while others provide 

automatic calibration utilities. 

The trial-error can be referred to as manual calibration and requires adjustments in the 

parameter values by a user within the lower and upper boundaries. Despite being one of 
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the most widely used methods of parameter tuning [62], [63], its contributions to machine 

learning models are limited [64], [65]. Several researchers adopted the grid research 

algorithm to minimize tedious iterative searching tasks commonly encountered during 

trial-error [4], [9], [66]. However, the grid search algorithm is also based on a time-

consuming procedure, searching parameters for each combination within a particular grid 

space. 

Due to the abovementioned disadvantages of traditional methods (trial-and-error and grid 

search), optimization algorithms have been presented for the hyperparameter tuning of 

ML methods. As a rule of thumb, optimization algorithms perform the hyperparameter 

mapping by using the present parameter value for the next iteration, unlike performing 

blind searching, as in traditional methods. Also, model efficiency is increased regarding 

both computational time and predictive power by employing these techniques [67]. There 

are many optimization algorithms proposed for hyperparameter tunings, such as Bayesian 

optimization, gradient-based optimization, and heuristics, such as particle swarm 

algorithm and genetic algorithm (GA) [65]. Even though the heuristics do not guarantee 

finding the optimal solution, they are widely used as fast and efficient tools to find a near-

optimal solution even with a small memory space [68]. 

The heuristic optimization algorithms are based on concepts, which have already been 

explored in nature. They can be identified as the “experience-based” methods and have 

become considerably feasible for solving complex optimization problems [69]. These 

methods perform effective searching by scanning a particular part of the solution space 

instead of a whole. GA, of the most widely used meta-heuristics [65], is a stochastic 

approach providing parallelized search for population points instead of a single point. 

This approach differentiates GA from the other algorithms as it avoids being trapped in 

local optima and discovering the global solution [70]. GA does not depend on alternative 

techniques, while other metaheuristics such as differential evolution and firefly 

algorithms require their parameters to be tuned by different algorithms [70]. In addition, 

there are several features of GA which make it beneficial compared to other meta-

heuristics. These features include being a universal optimizer for solving a great deal of 

nonlinear and non-smooth types of optimization problems, being easy to implement, 

having the ability to conjunct with the other meta-heuristics, and solving problems that 

have high computational complexity [71]. 
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Owing to its benefits mentioned above, GA was used in this study to define the optimum 

hyperparameters of four tree-based machine learning methods separately. As an adapted 

version of the natural selection mechanism of the computer environment [72], all 

available data are subjected to elimination using genetic operators to obtain the best 

solution in the GA operation process. The best solution comprised individuals that mostly 

adapted to the environment, in other words, survivals as a result of iterations. In GA, there 

is no strict rule for determining the number of individuals (i.e., chromosomes) in the 

population. While many chromosomes extend the computational time, a few individuals 

in the population may lead to a failure in reaching the optimum solution as well as causing 

the system to get stuck in a particular solution space. Therefore, choosing the optimum 

number of individuals depending on the characteristics of the problem is critical in GA 

applications [73]. Several replicas of the genes belonging to successful individuals are 

transferred to the next generations, which leads the general population to the best solution. 

Furthermore, crossover and mutation operators play a significant role in creating a new 

generation and substituting with the old generation. It is also important to note that recent 

advances in the usage of GA have displayed that GA could be successfully applied, 

especially in the optimization of complex systems [74]–[77]. 

3.3 Research Methodology 

3.3.1 Research Design 

This study aims to predict the outcomes of construction injuries that construction workers 

might have due to occupational accidents. In other words, the constructed framework 

envisions whether the victim will be permanently disabled (PD) or not (N-PD). To 

achieve this holistic approach, a five-step comprehensive methodology was designed, as 

illustrated in Figure 3.2. First, a dataset comprising construction accidents in Turkey 

between 2012 and 2020 was obtained from the Republic of Turkey, Social Security 

Institution. The attributes that are directly influential in predicting the outcomes of 

occupational injuries with respect to any permanent disability of workers were diligently 

investigated. In the second step, the dataset was thoroughly examined regarding the 

missing values, duplicates, inconsistencies, etc., for data cleaning. As a result, 47,938 

construction accident data were attained, including 1,074 PD and 46,864 N-PD instances. 

Since the dataset contained some categorical variables, data encoding was required for 

ML implementations. Thus, all the categorical data were grouped as either nominal or 
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ordinal, and subjected to one-hot encoding and label encoding, respectively. As a result, 

attained attributes were subjected to the standard scaling as a rule of thumb. 

It should be noted that dimension reduction is required after applying a one-hot encoding 

scheme since it results in extremely high dimensionality. Therefore, the pre-processed 

dataset was subjected to principal component analysis for dimension reduction. In order 

to test different principal component (PC) scenarios, transformed data was divided into 

two major categories as training set and testing set, by taking 70% and 30% of all data in 

the third step. The accuracies of the training set with different principal components were 

tested through k-fold stratified cross-validation (CV). As a result, the dimension of the 

dataset was reduced. 

The original dataset was highly imbalanced, such that the N-PD worker class was 44 

times more prevalent than the PD worker class. Therefore, a random under-sampling 

algorithm was applied to the training set only to address the class imbalance issue. After 

implementing several pre-processing methods, such as data cleaning, variable encoding, 

principal component analysis, and random under-sampling, four widely used tree-based 

ensemble models, RF, XGBoost, AdaBoost, and ET, were used to predict injury outcomes 

in the fourth step. A state-of-the-art optimization algorithm, Genetic Algorithm, was 

adopted to tune the hyperparameters of four classifiers to improve the prediction accuracy 

based on k-fold stratified cross-validation subjected to the training set. The best 

parameters in each classifier were then rigorously examined with blinded testing set by 

using several performance evaluation metrics, such as precision, recall, F1 score, 

accuracy, and AUROC. This approach enabled an increase in practical implication and 

applicability of adopted pre-processing steps and GA for the newly introduced testing set. 
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Figure 3.2 Research flow 

3.3.2 Data description 

This paper explores the classification of permanent disabilities resulting from 

construction accidents recorded in Turkey between 2012 and 2020. The used data was 
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obtained from the Republic of Turkey, Social Security Institution. In this context, eight 

attributes were determined as inputs to predict the target attribute, the permanent 

disability. The summary of the predictor and target attributes is presented in Table 2. The 

data contained three different variable types; categorical (education level, type of injury, 

injured body parts, materials used, and the type of construction) and numerical (working 

days lost, number of past accidents of the worker, and daily wage) for the inputs, and 

binary for the output. 

It is important to note that some attributes, such as age, gender, and tenure, were not 

included in this study. These characteristic variables could have notable effects on the 

outcomes of construction incidents in different contexts, such as whether near miss or 

accident and fatal or non-fatal. However, their impact on disability status is relatively 

indirect. Disability occurs when a particular body part of a worker [31] is lost (at some 

degree) after exposure to certain injury types. Thus, attributes were selected in a way that 

defines the work environment and accident condition of workers rather than their 

demographics. 

Attributes such as education level, materials used, type of construction, and daily wage 

were included since these attributes could be related to the work performed by a worker. 

Kamardeen and Rameezdeen [31] showed that the injured body part and injury type were 

strong determinants of severe accidents, such as permanent disability. As for the working 

days lost, the type of accident (such as falling from a height or being hit by an object) 

could be directly related to the number of workday losses [78]. For instance, Hess et al. 

[79] stated that a particular work of drywall handling that strains the back accounted for 

the highest percentages of permanent disabilities and working days lost. The workday 

loss could even be regarded as a disability for temporary incapacities. Similarly, Mohd 

Kamar et al. [80] found that accident costs, which were chiefly associated with disability 

rates, were mainly affected by injured body parts, type of injury, and working days lost. 

Hence, eight attributes (Table 3.2) contributed to predicting the permanent disability 

status of workers in this study. 

It is important to note that some of the categorical input variables comprised a 

considerable number of classes, some of which included only a few instances. 

Considering the computational efficiency and practical applicability, three input variables 

such as education level, materials used, and type of construction were re-classified before 

the application of ML methods to reduce the dimension of the input space. Hence, the 
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number of elements was reduced from 11 to 6, 157 to 17, and 322 to 10 for education 

level, materials used, and type of construction, respectively. 

Table 3.2 Description and distribution of attributes 

Variable 

names Data type 

Number of 

elements Definitions 

Education level Categorical 11(6) The education level of a worker. It includes six 

categories: Illiterate or only literate, elementary 

school, secondary school, high school, graduate 

from two-year college, BSc or MSc or Ph.D. 

Working days 

lost 

Numerical 0  ̶  512 The number of days that worker cannot work 

temporarily. It includes numerical values between 0 

and 512 days. 

Type of injury Categorical* 7 Type of injury exposed to the workers, which was 

expressed in seven categories: Acute infections, 

exposure to chemical substances, exposure to 

extreme temperatures, closed fracture, shock due to 

assault and threat, fluid effects, and more than one 

type.  

Injured body 

parts 

Categorical* 14 The body part affected by an accident, which was 

expressed in fourteen categories such as hand and 

wrist; cervical vertebrae; neck (others); arm; tooth; 

chest; neurotic; head; leg and femur; ear; shoulder; 

foot and fingers; thoracic vertebra; backbone 

(others). 

Materials used Categorical* 157(17) Any material involved in an accident, which was 

seventeen categories, such as construction 

machinery; chemical, biological substances, waste, 

and contaminants; construction materials (concrete, 

brick, etc.); office materials; creatures; assembly 

kits (nail, bolt, etc.); storage systems; hand tools 

with an engine (cutting machines); gas and 

explosive materials; building parts (door, window, 

etc.); hand tools without engine; distribution and 

piping systems; dust, silt, grain; underground areas 

(tunnels, sewage, etc.); stairways, ladder, and 

surfaces; disasters; other. 

Type of 

construction 

Categorical* 322(10) Type of construction has ten categories, such as 

residential building projects; non-residential 

building projects; road projects; railway and metro 

projects; infrastructure projects (tunnel, road, bridge 

projects); electricity and telecommunication 

projects; water projects (including harbors); 

demolition works; earthworks; other. 

Number of past 

accidents of the 

worker 

Numerical 0  ̶  6 The total number of past accidents of the worker 

attained from the occupational accident database 

and includes values between 0 and 6.  

Daily wage Numerical 0  ̶  639.6 The daily wage of a worker and includes payments 

between 0 (for intern) and 639.6 in Turkish Lira 

(TL). 

Permanent 

disability 

Binary (target) 2 Target variable indicating whether workers became 

incapable of performing their works permanently 

(PD) or not (N-PD). 

Note: The values in the parenthesis indicate the number of elements after re-classification. 

*Variables were subjected to one-hot encoding. 
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Also, since the entire input space includes both nominal and ordinal categorical data 

types, the nominal attributes, such as the type of injury, injured body parts, materials used, 

and type of construction, were subjected to one-hot encoding. The rest of the categorical 

variables were subjected to label-encoding. This pre-processing step was done since 

natural ordering among categorical variables was most likely to lead to fallacious 

classifications. Overall, 47,938 construction accidents, consisting of 1,074 permanently 

disabled and 46,864 not permanently disabled records, were considered as a result of 

diligent examinations of inconsistencies, duplicates, and missing values. 

3.3.3 Data Pre-processing 

3.3.3.1 Data Encoding 

The dataset used in this study includes categorical features, such as education level, type 

of injury, injured body parts, the material used, and type of construction. However, most 

ML methods work well with numerical features [81]. Therefore, categorical features 

should be transformed into their numerical counterparts. In this context, there are two 

prevalent methods to deal with categorical data; label encoding and one-hot encoding 

[82]. In label encoding, the feature values are converted into specific numerical values so 

that the total number of features remains the same [83]. Differently, one-hot encoding 

generates a new binary feature for each element in a categorical variable. Figure 3.3 

provides an example to illustrate and compare label and one-hot encoding procedures. 

Label encoding is easier compared to one-hot encoding. However, ordering the issue 

could cause misinterpretation of numeric values [84]. Thus, only education level was 

subjected to label encoding in this study since ordering existed from 1 to 6 in the 

education level feature. In contrast, there is not any ordering matter for other categorical 

features. Hence, features such as type of injury, injured body parts, the material used, and 

type of construction were subjected to one-hot encoding. This procedure converted 8-

feature dataset into a 52-feature dataset, including, i) 4 features from education level, 

working days lost, the number of past accidents of the worker, and daily wage; ii) 7 

features from the type of injury; iii) 14 features from injured body parts, iv) 17 features 

from materials used, and v) 10 features from the type of construction. 
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Figure 3.3 Data encoding procedure 

3.3.3.2 Data Scaling 

Most ML methods do not perform well with different scaling of numerical features [81]. 

There are two widely used solutions to address this issue: the Min-Max scaler and the 

Standard-scaler [85]. The Min-Max scaler creates a range (ordinarily 0-1) and scales 

numerical features into the predetermined range through zooming in or out [86]. On the 

other hand, the Standard-scaler converts numeric features in such a way that results in a 

distribution having a mean value and standard deviation of 0 and 1, respectively [87]. 

This study adopted the Standard-scaler technique for feature scaling before performing 

PCA analysis due to its wide applications [82]–[84], [88] and effectiveness [86]. Test x’s 

regular score was defined by subtracting the mean value from each test value and then 

divided by the standard deviation as: 

𝑧 =
𝑥 − 𝑚

𝑠
 (3.1) 

where u is the mean value and s is the standard deviation. 

3.3.3.3 Dimension Reduction 

Since one-hot encoding increases the dimension of the dataset considerably, dimension 

reduction methods have widely been used in the literature after applying one-hot encoding 

[84], [85], [87]–[89]. Dimension reduction is a process that transforms a large number of 

variables into a small number of variables without losing crucial information [84]. 

Considering its benefits and application of one-hot encoding that results in significantly 

increased dimensions, PCA was used in this study. Two consecutive steps were adopted 

for principal component selection after PCA analysis. In the first step, Kaiser’s criteria 
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[90] was adopted, in which eigenvectors whose eigenvalues were lower than 1 could be 

ignored. Therefore, the number of principal components with an eigenvalue higher than 

1 was set as the z value. Since prediction accuracy is of utmost importance for ML models, 

it was considered in the second step of principal component selection [91]. Hence, the 

accuracies of four adopted ML algorithms were further calculated for different scenarios, 

by setting the number of principal components as 1, 2, …, z. This process highlighted the 

effects of different lengths of the feature vector on the accuracy of the ML models. For 

each scenario, training (after resampling) and testing sets were captured to be used in the 

subsequent stages of the study to perform fair comparisons. The average of the ML 

algorithm’s accuracies was then computed, and the principal component value giving the 

highest average accuracy was selected. 

3.3.3.4 Data Resampling 

The dataset used in this study was severely imbalanced, such that the ML models achieved 

a prediction rate of 98% erroneously in the case of classifying all the data as N-PD. Under 

these circumstances, the dataset needed to be resampled to produce the class distribution 

balance. In the relevant literature, there are three most widely used resampling strategies, 

which are i) random under-sampling (RUS), ii) random over-sampling (ROS), and iii) 

synthetic minority over-sampling technique (SMOTE) [2]. Class distribution is balanced 

by randomly eliminating the majority class in the RUS algorithm [11] while repeating the 

minority class in the ROS algorithm [92]. Meanwhile, SMOTE generates synthetic 

samples of the minority class through cluster-based interpolation [93]. In this study, the 

RUS strategy was used due to several reasons. First, ROS might lead to overfitting and 

reduce the prediction performance in invisible instances [94]. In addition, artificial 

positive instances are generated by interpolation in SMOTE, which could work well on 

numerical data [2]. RUS was chosen as the best strategy for this investigation after 

examining several categorical variables in the dataset and taking computational time and 

storage into account [94]. Although there was a risk of information loss in RUS, no 

artificial instances were generated. Besides, RUS is argued to be a powerful alternative 

when the dataset is large [95]. Its wide implementations showed its successful 

applications as a resampling strategy and were used [11], [96] or suggested by several 

researchers [5], [97]. 
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3.3.4 Training the Machine Learning Methods 

In this study, four tree-based machine learning methods were integrated into the genetic 

algorithm to predict the permanent disability of construction workers. The 

hyperparameter tunings of the RF, ET, AdaBoost, and XGBoost methods were performed 

using a genetic algorithm. In tree-based methods, the model parameters can vary 

according to the working principle and internal dynamics of the algorithms. However, a 

parameter called the number of trees is prevailing in each algorithm. Determining the 

number of trees is crucial as it plays a key role in providing an improvement in the models 

and enhancing the generalization [98]. 

It is important to note that the optimal number of trees is highly related to the adopted 

methodology. For instance, with bagging techniques like random forest and extra trees, 

the more trees there are, the better the model’s performance is expected to be [99]. 

However, boosting algorithms, such as Adaboost and XGBoost, can overfit the model 

when the number of trees increases. It is essential to note the trade-off between the 

number of trees and computational cost [100]. Other parameters in tree-based ML 

methods include the learning rate, which is common in boosting algorithms, as well as 

the maximum depth and the minimum number of samples, which are prevalent in RF and 

ET. 

Overall, since the parameters mentioned above could vary regarding the adopted 

methodology and used dataset in pre-defined ranges, the state-of-the-art genetic algorithm 

was adopted for hyperparameter tuning. 1,000 combinations were searched for each 

algorithm to establish a decent datum line. The range of the number of trees was fixed 

between 50 and 1,000, with a step of 50 for each algorithm. Similarly, the range of 

learning rate and the range of maximum depth were fixed between 0.01 and 0.50 (step = 

0.01) and between 1 and 50 (step = 1), respectively. The internal parameters of GA were 

determined based on the trial error. The population size was determined as 25, and the 

tournament size was chosen as 5 [101]. In addition, the mutation rate and the crossover 

rate were identified as 0.25 and 0.5, respectively [102]. 

3.3.5 Performance and Evaluation Metrics 

There are several performance evaluation metrics to measure the accuracy of the proposed 

models, including Precision, Recall, F1 score, and AUROC. These performance measures 
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depend on the classification outcomes, including four potential cases in binary 

classification, as listed in Table 3.3. 

Table 3.3 Possible cases between actual and predicted conditions 

Actual 

cases 

Predicted cases 

(Yes) 

Predicted cases 

(No) 

Yes 
True Positive 

(TP) 

False Negative 

(FN) 

No 
False Positive 

(FP) 

True Negative 

(TN) 

 

Precision is an evaluation metric showing the accuracy of the positive predictions as the 

rate of true positive instances to the sum of positive instances, while recall is the rate of 

true positive instances to the sum of true positive and false negative instances [103]. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (3.2) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
  

(3.3) 

The F1 score provides an overall assessment scheme by combining precision and recall 

by taking their harmonic average [104]. 

𝐹1 𝑠𝑐𝑜𝑟𝑒 =
2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 (3.4) 

With balanced class distribution in a binary classification, the model performance can be 

measured as the correctly classified instances divided by the sum of all instances, such 

that the accuracy is defined by [105]: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑁 + 𝐹𝑃 + 𝑇𝑁
 (3.5) 

However, this evaluation metric is impractical if the class distribution is imbalanced. In 

such a case, the prediction could become biased towards the majority class and propose 

erroneously higher accuracies without even predicting a single minority class accurately 

[106]. Therefore, two performance evaluation metrics should be used simultaneously as 

true positive rate (TPR) and false positive rate (FPR) [2]. TPR and FPR are calculated as 

correctly predicted positive values to the true positive values and incorrectly predicted 
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negative values to true negative values, respectively. They are defined in Eqs. (3.6) and 

(3.7). 

𝑇𝑃𝑅 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (3.6) 

𝐹𝑃𝑅 =
𝐹𝑃

𝐹𝑃 + 𝑇𝑁
 

(3.7) 

The receiver operating characteristic (ROC) curve is a robust graphical method to 

measure the classification performance [107]. It plots TPR as a function of FPR, which 

are placed on the vertical and horizontal axes, respectively. The closer the curve is to the 

upper left corner of the graph, the better is the classifier performance. In other words, the 

higher area under the ROC curve (AUROC), the better the prediction of a classifier. It is 

considered a reliable instrument to measure the performances of several ML algorithms, 

which has been widely adopted by scholars for its easy visualization and interpretation 

[108]. Along with other evaluation metrics, this study essentially focused on AUROC 

values for model comparisons. 

3.4 Results and Discussion 

3.4.1 Generation of features 

52 features were obtained as a result of the one-hot encoding applied to the nominal 

categorical variables. Since the ML algorithms work relatively slower when the number 

of inputs increases [40], PCA was adopted to reduce the dimension of input space. The 

findings from the PCA analysis revealed that the eigenvalue of the corresponding 

eigenvector becomes lower than 1 after 31 principal components, which explained 

71.99% of the total variance. This result showed that the number of inputs could be chosen 

as 31 to satisfy the statistical significance. In this research, the threshold value was set as 

31 for the number of principal component selections. The dimension of the input space 

was reduced by using four standalone tree-based ensemble ML methods. In this sense, 

the accuracies of the XGBoost, AdaBoost, ET, and RF were obtained step-by-step, 

starting from 1 component up to the 31 components. The entire procedure adopted for 

principal component selection is illustrated in Figure 3.4. 
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Figure 3.4 Principal component selection procedure 

The results of estimations attained for each component are presented in Figure 3.5. The 

different colors of solid lines show the accuracy of four distinct stand-alone ML methods, 

and the black dashed line represents the average accuracy of the ML methods. Since the 

ML methods yielded varied prediction performances for different principal component 

scenarios, the average of four ML methods was chosen as the optimum number of 

principal components. Figure 3.5. depicts that the optimum number of PCs could be five 

since the maximum average accuracy was obtained as 77.49%. Computational efficiency 

was enabled for further predictions, particularly considering the integration of GA for 

hyperparameter optimization. The heat map showing the factor loadings of each attribute 

is presented in Figure 3.6. The “working days lost” was directly proportional with 

Component 1, while the “daily wage” had strong loading onto Component 2. Nearly all 

elements of “type of injury” were positively loaded onto Component 3 and Component 

4. Even though some instances of “type of construction” were inversely loaded onto 
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Component 5, significant loadings could be observed onto Component 5 considering the 

overall instances. 

 

Figure 3.5 Trials of principal components for each classifier 

 

Figure 3.6 Heat map of PCA 

3.4.2 Model Calibration 

Optimization of the hyperparameters of ML algorithms is essential not only to increase 

predictive accuracies but also to save computational time. Therefore, in this study, the 

Genetic Algorithm was adopted to optimize the internal parameters of ML methods (RF, 

XGBoost, AdaBoost, and ET) and stabilize the error rates in the generated models. 

Figure 3.7. provides the calibration of the ML algorithms with respect to the number of 

generations, in which the maximum, average, and minimum accuracies of each iteration 

were obtained in the pre-defined population size. As seen from the figure, the maximum 

number of generations was set to 500. The results obtained from the hybrid GA-ML 

methods for the training sets showed that the maximum accuracy was obtained at iteration 

79 with 78.41% accuracy for Random Forest (Figure 3.7a) and iteration 17 with 78.31% 

accuracy for XGBoost (Figure 3.7b). A summary of the established search mechanisms, 

including the parameter ranges, best parameters, and the number of total combinations, is 
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illustrated in Table 3.4. The optimal values for the number of trees and maximum depth 

were obtained as 950 and 9, respectively for RF, while the learning rate and the number 

of trees were attained as 0.1 and 50, respectively for the XGBoost algorithm. In addition, 

the best parameters were found as 250 and 0.11 for the number of trees and the learning 

rate in the calibration of AdaBoost at iteration 72 with 78.27% accuracy (Figure 3.7c). 

Finally, the optimal scenario was achieved at iteration 73 with 78.34% accuracy (Figure 

3.7d), and the corresponding parameters were found as 250 and 14 for the number of trees 

and the maximum depth, respectively. 

 

Figure 3.7 Convergence graph of genetic algorithm for (a) Random Forest, (b) 

XGBoost, (c) AdaBoost, (d) Extra Trees. 
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Table 3.5 Comparative results of machine learning methods 

Model Parameters 

Parameter 

ranges 

Best 

parameters 

Total 

combination 

RF 

N of trees 
50-1000; step = 

50 
950 

1,000 Maximum depth 1-50; step = 1 9 

Minimum N of 

samples 
fixed 10 

XGBoost 

Learning rate 
0.01-0.50; step = 

0.01 
0.1 

1,000 N of trees 
50-1000; step = 

50 
50 

Minimum child 

weight 
fixed 10 

AdaBoost 

N of trees 
50-1000; step = 

50 
250 

1,000 

Learning rate 
0.01-0.50; step = 

0.01 
0.11 

ET 

N of trees 
50-1000; step = 

50 
250 

1,000 Maximum depth 1-50; step = 1 14 

Minimum N of 

samples 
fixed 4 

 

3.4.3 Classification Results 

This study compares the performances of four well-known tree-based ensemble ML 

algorithms integrated with genetic algorithms for parameter optimization. Performance 

evaluation scores of each classifier were measured with the remaining 30% of the data 

(testing set). TP, FN, TN, FP, accuracy, precision, and F1 score of ensemble models are 

provided in Table 3.5. The confusion matrix developed for each tree-based classifier with 

respect to recall values is also shown in Figure 3.8. The findings highlighted that the ET 

algorithm showed the best performance in classifying PD workers, with a recall value of 

69.03% (Figure 3.8), through 214 correctly classified instances out of 310 (Table 3.5). 

However, it showed the worst performance in classifying N-PD workers with 2,599 FP 

instances out of 14,072, accounting for a recall rate of 81.53%. In this respect, XGBoost 

presented the highest recall rate, 83.25%, by classifying 11,715 instances correctly, while 

it achieved the worst performance with respect to PD workers (67.741%). Still, XGBoost 

presented relatively higher prediction power in terms of accuracy (0.8292) and F1 score 

(0.8887) compared to other ML models (Table 3.5). The results implied that XGBoost 

could detect 67.74% of all PD workers (Figure 3.8) by focusing on only 17.85% of the 
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accidents ((210+2,357)/(310+14,072)) (Table 3.5). Although ET could aid in preventing 

69.03% of all accidents that resulted in PD workers, it required a careful examination of 

19.56% of all accidents ((214+2,599)/(310+14,072)). In terms of precision values, each 

classifier’s performance was nearly the same, in which AdaBoost was the most powerful 

classifier (0.9721). 

Table 3.5 Summary of evaluated test scores 

Models 
PD (Support: 

310)  

N-PD 

(Support: 

14,072)  

Performance metrics (average) 

 TP FN TN FP Accuracy Precision F1 score 

GA-RF 211 99 11,526 2,546 0.8161 0.9718 0.8807 

GA-XGBoost 210 100 11,715 2,357 0.8292 0.9719 0.8887 

GA-AdaBoost 212 98 11,680 2,392 0.8269 0.9721 0.8873 

GA-ET 214 96 11,473 2,599 0.8126 0.9720 0.8786 

 

All these classification metrics could be considered as meaningful outcomes. However, 

AUROC is regarded to be a better alternative and has widely been used in case of 

imbalanced class distribution by many researchers [2], [11], [92], [94], [109], [110]. 

Hence, ROC curves of ensemble models based on the best parameters captured from GA 

were computed under an untrained testing set (Figure 3.9). The findings showed 

variations in the performance of four classifiers, ranging between 0.8012 and 0.8120. 

According to analysis results, XGBoost presented the highest prediction rate with an 

AUROC value of 0.8120, followed by ET and RF, by 0.8110 and 0.8094, respectively. 

On the other hand, AdaBoost showed the lowest prediction rate with an AUROC value 

of 0.8012. Since XGBoost was also the best performing model in terms of accuracy and 

F1 score, it was determined to be the most suitable tree-based ensemble model in the 

overall scheme. 
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Figure 3.8 Confusion matrix for ML models 

 

Figure 3.9 ROC curve of ensemble models 

3.4.4 Feature Importance 

The importance of each principal component used in the prediction framework was 

obtained through the Gain importance criteria, which shows the improvements in 

accuracy that an attribute provides to corresponding branches widely. The results of the 

feature importance analysis revealed that the most crucial attribute was Component 1 with 

a value of 0.5272 over 1, while the second most influential attribute was Component 4 

with a value of 0.2578. Figure 3.6 shows that “working days lost” had one of the highest 

contributions to explain Component 1. In addition, the last and next to the last members 

of the “type of injury” variable had relatively higher direct and inverse proportional 

effects in explaining Component 1, respectively. It should be noted that the first denotes 

the injuries related to “shock due to assault and threat” and the latter represents the injuries 

related to “exposure to extreme temperatures”. Hence, it would be correct to state that 
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workers are likely to experience permanent disability after construction accidents if they 

are exposed to extreme temperatures. Contrarily, there is a relatively lower probability of 

workers experiencing permanent disability in case of occupational accidents related to 

shock due to assault and threat. In addition, Component 4 was mostly explained by the 

fifth instance of “type of injury” and the fourth instance of the “injured body part” 

variable, which were “exposure to chemical substances” and “arm”, respectively. Hence, 

workers practicing close to chemical substances have a higher probability of experiencing 

permanent disability. The findings on injured body parts also revealed that workers who 

had had an arm injury were more likely to become permanently disabled. 

3.4.5 Contributions of the Study 

This study aims to provide insights to improve occupational safety management, 

productivity planning, input availability for enhanced decision-making, early payment 

planning, a safer working environment, and policy development for practitioners in the 

construction industry and policymakers from governmental authorities. Suggested 

contributions and a guide for implementing the proposed model are illustrated in Figure 

3.10 and explained in the following sub-sections. 

 

Figure 3.10 Guide for practitioners on model implementation 
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3.4.5.1 Contribution to Practice 

This study approaches safety management based on the accidents leading to permanent 

disability for workers in construction projects. An integrated GA-tree-based ensemble 

ML method explicitly contributed to the examination of permanent disability. Evidence 

suggests that high accident rates in the construction industry lead to loss of productivity 

[111]. Here, two different productivity losses can be observed from the disabled worker: 

productivity loss of the injured worker and productivity loss due to worker replacement 

[112]. The proposed model can be used for the early planning of productivity loss in the 

projects by safety management departments of construction companies and project 

managers. The outcomes of the study could give insights on the potential workforce loss 

to control productivity in the projects. In addition, Mohd Kamar et al. [80] address that 

accident costs are strongly associated with disability rates. Hence, by predicting the 

disability status of construction workers, employers can also anticipate the effect of 

accidents on the cost of the projects. 

Analysis results showed that the integrated use of feature engineering, tree-based machine 

learning methods, and state-of-the-art optimization techniques could provide efficient and 

accurate prediction models. The proposed model showed that the ET algorithm could help 

to detect cases with permanent disability since it predicted the highest number of true 

positive cases. In addition, the XGBoost algorithm can highly function in estimating the 

disability of construction workers after construction injuries since it achieved the highest 

prediction rate with respect to the performance evaluation indicators such as accuracy, F1 

score, and AUROC. The findings suggest that using the XGBoost-based prediction 

model, safety professionals can detect 67.74% of permanent disability cases by focusing 

on only 17.85% of the recorded accidents. 

This study also exhibited the influential variables and underlying causes leading to 

permanent disabilities in construction projects by attribute importance. This part of the 

proposed model could contribute to the improvement of safety management by taking 

necessary measures proactively for the prevention of accidents resulting in permanent 

disability. In this sense, safety management professionals could be advised to focus on 

some of the key variables to enhance occupational health and safety policies, contributing 

to the minimization of permanent disability incidents in the construction industry. One of 

the important findings of this study is that “working days lost” was found among the most 

influential attributes in detecting permanent disability. According to Social Security 
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Institution [21], “working days lost” was higher when workers faced incidents such as 

falls, struck by a falling object, arm (or hand or finger) being torn or cut off. Thus, workers 

experiencing these accidents are more likely to lose their earning capacity, resulting in 

permanent disability for the workers and productivity loss for the projects. In this context, 

“lack of workers’ awareness” and “fall protection” are the primary reasons for falls from 

height [113]. Therefore, safety management departments are suggested to organize 

periodic training sessions for workers working at height more frequently and be careful 

about the use of personal protective equipment to minimize fall-related accidents. 

One of the other issues regarding “working days lost” was found as “struck by a falling 

object”. Since the probability to be struck by a falling object is very high while working 

with or near cranes, dropped object protection systems can be suggested to reduce 

workers’ permanent disability risk, even up to 50% [114]. Considering injured body parts, 

the “arm” was identified as the most vulnerable bodily organ. Yan et al. [115] address 

that physically demanding tasks, especially those that are performed outdoor, could cause 

permanent disability. Here, the arms of workers are often vulnerable due to demanding 

tasks and material handling with no protective equipment. It is important to note that one 

of the major reasons for not using personal protection equipment highlighted by 

construction workers in Turkey was the protective gear being uncomfortable [116]. Thus, 

the comfortability factor should be considered in developing protective gear regarding 

arms to minimize the possibility of accidents resulting in disabilities for construction 

workers. In addition, bit extension shafts can also be used in construction sites to protect 

the arms of the workers by reducing stresses to screw hard-to-reach components [117]. 

Findings also show that “type of injury” plays a determining role in predicting the 

permanent disability of construction workers. Different injury types could have divergent 

consequences in workers’ lives [7], and the most significant types of permanent 

disabilities were determined as “exposure to extreme temperatures” and “exposure to 

chemical substances”. According to the injury type classification of Robert et al. [118], 

the injuries originated from extreme temperatures are classified as severe and likely to 

cause permanent disabilities. Chi and Han [119] address that the prevailing human errors 

related to extreme temperature are the misjudgment and malfunction in securing or 

warning operation. Also, lack of respiratory protection and engineering control, besides 

the misjudgment, are common human errors reported for chemical exposure. It is 

important to note that exposure to extreme temperatures and chemical substances are not 
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frequently encountered injury types in construction sites [120]. Thus, safety measures 

should be taken at the maximum level, and engineering supervision is essential before 

and during these works for effective risk response. In this context, a proper place could 

be allocated for the works that might lead workers to expose chemical substances or 

extreme temperatures in safety professionals’ agenda. 

Workers are the key stakeholders of safety management. According to the facts 

mentioned above, the fundamental requirement for a higher level of safety in construction 

projects is the protective gear used by the workers. In this regard, periodic control and 

maintenance should be performed, particularly for protective gears and equipment. The 

study by Nath et al. [121] emphasizes the advantages of real-time personal protection 

equipment detection, which construction companies can adopt and use on building sites. 

Workers in the Turkish construction sector stated that they would wear personal 

protective equipment if adequate safety training and rewards were provided regularly 

[116]. These points were stated as crucial for the workers to embrace personal protective 

equipment voluntarily. These suggestions could be shared with workers (or their 

representatives) during safety meetings for more effective management [122]. By 

considering the impact of protective gear on accident outcomes, collecting related data 

besides other requirements could improve the investigations regarding the underlying 

causes of permanent disabilities. 

3.4.5.2 Suggestions for Policymakers 

Permanent disability of workers is determined by the “Working Power and Professional 

Gaining Power Loss Rate Determination Procedures Regulation” [123] according to the 

“Social Insurance and General Health Insurance” law (Law no: 5510) [124] in Turkey. A 

worker can be regarded as “permanently disabled” if the worker loses at least 10% of its 

earning capacity. After an occupational accident leading to a permanent disorder, the 

worker can apply “permanent disability income” with a set of documents, such as the 

disability application form, health report of employment, occupational accident report, 

and medical report after an accident. Then, Social Security Institution evaluates a 

worker’s disability based on several aspects such as type of injury, injured body part, the 

amount of body part injured, type of work, and medical report. The procedure to 

determine the disability of workers usually takes some time. Thus, after the occupational 

accident or permanent disability application of a worker, related institutions can run the 

proposed model by incorporating the information of the worker into the testing phase of 
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the model, instead of the testing set used in this study. Hence, the proposed prediction 

model can be used to predict whether the workers would be paid permanent disability 

income or not by the related institutions. Considering that the proposed ML model could 

provide early detection of the disability status of workers, potential expenditures 

regarding compensation payments for workers can be pre-planned. 

There are some limitations due to the data collection method regarding construction 

accidents in Turkey [78]. For instance, according to the dataset used in this study, there 

were only seven injury types selected by construction companies to define the type of 

injury as a result of occupational accidents. In addition, factors such as the type of 

accident could not be used due to the significant amount of missing information. Besides, 

some other aspects of the accidents, such as safety gear used by the workers, site alerts 

about hazardous conditions, and type of work, were not available in the dataset, which 

could have contributed to a better and more extensive representation of the working 

environment. Thus, registration of these attributes is recommended while recording 

occupational accidents. A safety management training program for safety staff and project 

managers could be improved by not only focusing on the most hazardous working 

conditions and personal protection equipment applications but also emphasizing the 

importance of proper data collection. 

Measures taken in construction works are identified in Occupational Health and Safety 

Regulation in Construction Works [19], based on Occupational Health and Safety law 

(Law no: 6331) [17]. According to the regulation, the minimum working conditions for 

working at height must provide some measures, including the existence of fall protection 

platforms, scaffold protection, full-body harnesses. Horizontal and vertical lifelines that 

would be used during the performance of such works must be considered in the project 

planning phase as a part of safety management and included in the health and safety plan. 

Similarly, regarding the falling objects, the regulation addresses that entrance should be 

curtailed or closed passages should be created where there is a risk of falling objects. In 

addition, workers must wear hard hats, and this should be controlled by the employers. 

However, no precise statements regarding working with extreme temperatures or 

chemicals and adequate arm protection in construction are expressed, which should be 

considered by policymakers to minimize workers’ disability. 

Besides all, one of the primary reasons for poor workplace safety in many developing 

countries is the lack of enforcement despite its existence [122], [125], [126]. Thus, 
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governmental authorities could be suggested to increase monitoring and controlling of 

safety rules in construction sites. Another applicable approach would be combining safety 

promotion with safety enforcement, as this approach showed significant improvement in 

accident rates in Hong Kong [122]. This might also be extended to proper data recording 

since the recorded data is usually of low quality, such that missing data or “other” labeled 

expressions are observed for different attributes in many instances. By implementing the 

suggestions made according to the analysis results, the permanent disability of workers 

can be reduced in construction sites. 

3.5 Conclusions and Future Work 

In this study, a machine-learning-based permanent disability prediction model was 

developed based on 47,938 recorded construction accident data. A detailed multi-step 

feature engineering approach was carried out in the pre-processing stage, including data 

encoding, data scaling, dimension reduction, and data resampling to code categorical 

features as numerically, to transform numerical features into the same scale, improve the 

efficiency of the model, and highlight the imbalanced data problem often encountered in 

engineering practices, respectively. State-of-the-art optimization method, a genetic 

algorithm was used for parameter tuning of adopted tree-based ensemble machine 

learning models, i.e., RF, XGBoost, AdaBoost, and ET. The proposed genetic algorithm-

based machine-learning model showed a prediction rate of 0.8292 with respect to 

accuracy and 0.8120 with respect to AUROC when the model was tested through the 

XGBoost algorithm. In addition, feature importance results highlighted that workers 

exposed to extreme temperatures and chemical substances have higher probabilities of 

experiencing permanent disabilities. 

This study is one of the first studies conducted to predict the outcomes of construction 

accidents with respect to the permanent disability of construction workers with an 

imbalanced dataset. Further investigations, such as analyzing the disability levels of 

workers, can explore the severity of worker disability and underpinning the potential 

causes for high-level disabilities. This study used some attributes that are post-accident 

such as working days lost, type of injury, and injured body parts. On the other hand, some 

pre-accident attributes were not included in this study, such as safety gear used by the 

workers, site alerts about hazardous conditions, type of work, age, gender, and tenure. 

Therefore, based on the availability of the data, interested researchers can investigate the 

effects of additional pre-accident attributes to predict outcomes of construction accidents 



45 

for the development of proactive accident prevention strategies. In a future study, the 

authors plan to expand the scope of the current study to predict accident severity levels 

by using proactive data. 

The methodological approach used in this study is expected to contribute to the body of 

knowledge in construction safety management such that interested researchers can 

enhance the methodology underneath. This study adopted one of the most advanced 

optimization techniques, genetic algorithm, for parameter tuning. Further investigations, 

including comparing other optimization techniques such as bees, particle swarm, and grey 

wolf algorithms, could contribute a lot to the body of knowledge. There are also several 

algorithms to address class imbalance problems, dimension reduction, and data scaling. 

Thus, comparing several techniques for data resampling, dimension reduction, and data 

scaling could be considered in future studies. This study is also expected to support the 

development of advanced safety management strategies in construction projects through 

regulations. 
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4                                                                      

ACCIDENT PREDICTION IN CONSTRUCTION 

USİNG HYBRİD WAVELET-MACHİNE 

LEARNİNG 

 

This chapter was published in Automation in Construction, vol. 133, p. 103987 as a 

research article. 

4.1 Introduction 

One of the major concerns of the construction industry is workplace safety. It is among 

the most demanding working environments due to existence of poor physical working 

conditions, various stressors, and excessive time pressures. Therefore, construction 

workers are more prone to fatalities and injuries compared to workers in other industries 

[127]. Evidence present three to four times higher probability to experience fatality in 

developed countries, while it is three to six times in less developed countries compared 

to other industries [2]. Every year, approximately 100,000 workers lose their lives in the 

construction industry, accounting for nearly 35% of the global occupational fatalities [3]. 

The sector is one of the most dangerous sectors in almost every country with respect to 

fatal and non-fatal occupational accidents. 

According to the Turkish Statistical Institute (TSI) [128], the number of workers in the 

construction industry in Turkey was 1.6 million accounting 5.6% of total number of  

employments in 2019 and more than 165,000 were registered as licensed safety 

professionals [129]. Construction industry solely accounted for approximately 32% of the 

total fatal occupational accidents with a total number of 49,710 accidents (including fatal 

and non-fatal) in 2019 [21]. Despite ongoing improvements in the safety management 

systems across the country, occupational safety in the construction industry is still in need 

of more progress. For this reason, analyzing past data to predict the number of future 

accidents could assist planning of necessary actions and safety measures to prevent 

potential fatalities and injuries in the future [4]. 

The existing literature suggests the time series analysis for future predictions, such that a 

time series is a sequence of data points, measured on the basis of time instants spaced at 

uniform time ranges or intervals [130]. On the one hand, stand-alone machine learning 
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(ML) methods were initially adopted for the projection of future values through time 

series in various field of researches. On the other hand, different decomposition methods, 

such as Fourier transform, wavelet decomposition, and empirical mode decomposition 

have gained considerable momentum in the last decade. These methods commit to 

investigate the original time series with respect to different frequencies for improving the 

accuracy of the models and provide a ground to assess the changes in time series at 

various scales [60]. Several researchers used time series analysis in other sectors to make 

projections. However, research efforts in the construction safety literature are limited in 

this context. This study aims to contribute to the body of knowledge of construction safety 

by coupling discrete wavelet decomposition and different ML methods to predict daily 

occupational accidents for different time periods. Results obtained from the study are 

expected to give insights to managers, decision makers, and inspection authorities in the 

development of necessary strategies to minimize the adversarial impacts of accidents 

through occupational health and safety (OHS) management practices. 

4.2 Research Objective and Novelty 

The objective of this research is to develop a prediction model of construction accidents 

for specific time periods using time series analysis aided by wavelet decomposition pre-

processing technique. To perform a comprehensive evaluation, artificial neural network 

(ANN), multi-variate adaptive regression splines (MARS) and support vector regression 

(SVR), were employed to predict the number of daily occupational accidents, including 

injuries and casualties. Discrete wavelet transform (DWT), which is one of the commonly 

used pre-processing techniques, was adopted with stand-alone ML methods to increase 

the accuracy of the predictions. To achieve this goal, the original time series of daily 

number of occupational accidents was divided into different sub-bands by DWT. The 

dynamics of occupational accident frequencies were investigated in detail by creating a 

comparative predictive model based on three stand-alone ML algorithms. In hybrid 

modeling phase, the daily accident dataset was subjected to pre-processing along with 

DWT, and ML algorithms were employed to each decomposed band separately to 

improve model accuracies. A dataset consisted of 393,160 occupational accidents, which 

were recorded between 2012 and 2020 in Turkey, was analyzed to predict the number of 

accidents in short-term, mid-term and long-term time periods. 

Recent studies in occupational accident in the construction industry have mainly focused 

on construction accident outcomes for workers individually based on predefined 
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attributes [2], [11], [39] or text mining subjected to accident narratives [4], [14], [97]. 

This study approached the occupational health and safety management in the industry 

from a different perspective, aiming to fill the gap in the pertinent literature in two ways. 

The first remark is that a dynamic national utilization plan is proposed based on hybrid 

DWT-ML analysis for the early detection of time periods that are expected to cause a 

high number of accidents in the future. The second one is related to the sample size of the 

data, such that 393,160 occupational accidents occurred in Turkey nearly over a decade 

are statistically investigated. The high number of recorded accidents enabled the use of 

DWT for the early detection of accident trends in the construction industry to improve 

safety performance of the industry with generic and proactive management procedures. 

4.3 Background of Used Methods and Related Implementations in 

Construction Safety Literature 

4.3.1 Time Series Analysis Literature  

Time series present the variations specific to a particular time period, often with a 

seasonal or increasing and decreasing trends through a set of observations. 

Comprehending and predicting time series related to a variable have been carried out in 

many research fields stemming from the necessities for preliminary preparations of 

contingencies. A large and growing body of literature investigated the predictions of 

future values by using previously observed time series. As in every prediction studies, a 

user needs to define the input(s) and output(s) in the time series predictions. Extensive 

research has explored that the autocorrelation and partial autocorrelation functions that 

illustrate the relationship among the current value of a variable and its past observations 

are used to identify the input(s) of the prediction framework. To perform time series 

predictions, various statistical methods, such as regression and autoregressive integrated 

moving average (ARIMA) were initially employed by the scholars [131]. Then, ML 

methods were also introduced in addition to the statistical approaches to improve 

prediction accuracies recently [132]. ML methods are usually used as both stand-alone 

and hybridized with decomposition techniques that enable modeling trends, seasonality 

and cycling effects, which can be considered as the main patterns of time series [133]. 

The previous research findings show the variety of decomposition techniques, such as 

wavelet decomposition, variational mode decomposition and empirical mode 

decomposition, representing the features of original time series data set. 
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Predictions based on the time series decomposition techniques are not only accepted 

widely in various core research fields such as health, finance, energy and agriculture, but 

also performed in many disciplines of civil engineering such as structural, transportation, 

geotechnical and water resources engineering. For instance, Adeli and Jiang [134] 

coupled wavelet transform (WT) with neural networks based on two objectives, which 

are identifying the behavior of structures during earthquakes and improving the accuracy 

of structural system identification under extreme loads. Chen et al. [135] used empirical 

mode decomposition by hybridizing with the support vector machines to enhance the 

accuracy of traffic network predictions. In geotechnical engineering domain, Ding et al. 

[136] utilized the discrete wavelet transform to predict tunneling-induced ground 

settlement. Also, variational mode decomposition and WT are used widely in water 

resources domain for varying objectives such as predicting the monthly runoff forecast 

by He et al. [137] and projecting short and mid-term droughts by Özger et al. [60]. 

Despite a vast literature on other domains, construction accidents have not been 

investigated properly with time series predictive models. Although frequent 

implementations are reported in accident forecasting, a comprehensive literature survey 

showed that time series analysis has been used in few studies in construction safety. As a 

limited attempt, Marhavilas et al. [130] developed a risk assessment framework by using 

the harmonic analysis of time series of occupational accidents (based on Fourier 

superposition) and applied the model on electric power (for 1993-2009) and construction 

industry (for 1999-2007). The analysis, which was based on data with 1-month time 

resolution, showed that accidents could be characterized by the periodic factor, which 

constituted a permanent element for the OHS systems. Chen et al. [138] developed a 

prototype electroencephalography (EEG) safety helmet that allowed the collection of the 

neural data to estimate construction safety via mental workload. The EEG signal data was 

multidimensional including frequency, power, and phase data in addition to time series 

data, and used to reduce unexpected injuries based on mental conditions of workers. Zhou 

et al. [139] used complex network theory to characterize the time series of near miss 

accidents based on 1,124 time series accident data from a metro construction in Wuhan, 

China between 2011 and 2015. They found that inter-event time series of near-miss 

accidents were free of scale and occurred in a complex system with sharp fluctuations. 

The past literature shows that the studies related to use of time series in construction 

safety is more about time series investigation rather than prediction, such that neither 
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considered ML methods in time series analysis for future predictions, nor integrated 

wavelet decomposition technique to improve the accuracy of projections. This study 

contains the application of discrete wavelet transform for dividing the original time series 

of the number of daily nationwide accidents recorded in the construction industry into its 

spectral bands. Hence, with the methodology adopted in this study, an implementation of 

hybrid soft computing prediction framework in construction safety research is presented 

to bring a new perspective to the literature. 

4.3.2 Wavelet Transform  

Wavelet analysis is considered complementary to existing techniques, such as correlation 

and spectral analysis, in which the fundamental philosophy of the wavelet transforms 

(WT) is to divide a signal into different scale components [60]. WT operates similar to 

Fourier transform (FT), however, the basic elements of time series, such as trend, 

seasonality and cycling, are usually lost in FT [140]. The original time series is 

decomposed into consecutive sub-series in WT, and during this process, the main 

wavelength is expressed by shifting at a certain scale and time. All features of the original 

signal are consummately transferred to a sequential data. High and low frequency 

transitions that are included in signals can also be detected by means of the WT based on 

its time localized feature [141]. This feature secures the determination of all local and 

regional characteristics of the signal, enhancing the accuracy of predictions. 

Existing literature highlights two different WT types: (1) continuous wavelet transform 

(CWT) and (2) discrete wavelet transform (DWT). In this research, the latter was used 

based on its time efficient feature and applicability to all type of data [142]. DWT is also 

defined more useful than CWT by not allowing the generation of excessively redundant 

data resulting from the calculation of wavelet coefficients in all possible scales [143]. 

Mallat [144] indicated a settled down approach in the determination of the scale and 

position parameters as dyadic scheme. In DWT, the original time series can be defined as 

the aggregation of several sub-series, such as details and approximations. Details (D) 

represent the high frequency bands, while the approximations (A) denote the low 

frequency bands. The number of details and level of approximation indicate the 

decomposition level of the original series, such that at each level, component A is divided 

into new A and D components [145]. It can also be noted that there is no strict rule in the 

literature for the determination of optimum level of decomposition. Despite its frequent 

use in other domains, there is a gap in the construction safety literature regarding time 
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series analysis with wavelet decomposition. In this study, DWT was used to decompose 

the original time series data of construction accidents into its sub-bands. This process 

enabled improvement in the accuracy of future projections and development of a more 

robust proactive risk management framework. In addition, the dynamics of occupational 

accident frequencies could be observed in detail with the decomposition of the original 

time series data into its sub-bands through DWT. 

4.3.3 Machine Learning Background  

In this study, ANN, MARS and SVR were used as non-parametric supervised machine 

learning algorithms to project daily occupational accidents likely to occur in different 

time periods. Each of these methods has different working principles and differs from 

each other in terms of several aspects. Even though these are commonly used algorithms 

in the ML literature, they also have different pros and cons such as the basis on which 

they functionalize, approaches they signify and their uses. Table 4.1 presents the 

comparative overview of three adopted ML methods. Their brief explanations and 

utilizations for the construction safety management can be found in the following. 

4.3.3.1 Artificial Neural Networks 

Artificial neural networks (ANNs) are formed by the combination of cells as in biological 

neural systems, while in mathematically, represents a dynamic system that can be 

modeled as a combined set of differential equations [150]. The smallest entity of an ANN 

is artificial neurons; in fact an ANN was initially suggested as a single layer neuron 

system. However, the multi-layer neural networks, such as multi-layer perceptron (MLP), 

were proposed later due to the challenges of the single layer structure in solving non-

linear problems [151]. The multi-layer neural networks consist of minimum three layers: 

input layer, hidden layers, and output layer. The number of cells in the input and output 

layers varies depending on the information described in the problem [152]. The 

application of ANN is performed by two types of calculations: (1) Feed Forward and (2) 

Back Propagation. In the first step, the weights that are defined as the values that express 

the effect of input set are considered randomly, and the network’s outputs are obtained 

for the given sample. In the second step, the weights are adjusted by introducing different 

samples to the network to find the optimum weights. In the model, where the sum of error 

squares is expected to converge to zero, the weights are updated through the 

backpropagation algorithm [153]. 



52 

Table 4.1 Overview of the used machine learning algorithms 

Methods Basis Approach 
Ease  

of use 
Strengths Weaknesses 

ANN 

Non-linear 

functional 

approximation 

Black-box 

Moderate 

/ 

Difficult 

It provides de facto 

solution for non-

linear regression 

problems [146]  

It is prone to 

overfitting when 

the data is too 

noisy 

It has fast learning 

and reasonable 

generalization ability 

[147]  

It provides less 

interpretability 

due to its black 

box structure 

It is a universal 

method by providing 

satisfactory results in 

a great deal of 

research domain 

It is not capable 

of identifying the 

significant 

independent 

variables [147]  

MARS 
Knot-based 

additive model 

Explicit 

mathematical 

representation 

Easy 

It requires a smaller 

number of 

parameters to be 

adjusted and has fast 

processing speed 

It has potential to 

fail in detecting 

interaction effects 

if the basis 

function contains 

a pure high order 

interaction  

It provides 

importance of 

independent 

variables and 

interpretability 

among independent 

and dependent 

variables 

It requires large 

enough dataset to 

make use of it 

worthwhile 

It has the capacity to 

mapping complex 

and high 

dimensional data sets 

[148]  

It is characterized 

by a tendency to 

overfit through an 

unmodified 

generalized cross 

validation 

criterion when the 

spurious models 

cause a large bias 

SVR 
Decision 

boundary 
Black-box Moderate 

It is appropriate for 

the dataset that has 

smaller sample size 

It has less 

generalization 

ability when the 

sample size is 

lower than the 

number of 

attributes 

It provides the 

utilization of several 

kernel functions to 

decide non-linear 

boundaries 

It requires 

extensive 

knowledge on the 

kernel functions 

[149]  

It has the ability to 

resist overfitting and 

provides enhanced 

generalization 

It provides less 

understandability 

on its structure  
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There are several applications of ANN method in the construction safety literature. For 

instance, Ayhan and Tokdemir [63] investigated construction accident outcomes with 

respect to seven target attributes such as at risk behavior, near miss, incident with partial 

failure, first aid, medical intervention, lost workday cases, and fatality. They used 

conventional regression and ANN (with 13 different networks), and then implemented 

fuzzy inference system. The researchers found ANN producing better predictions 

regarding more severe accidents. Antwi-Afari et al. [39] used wearable insole pressure 

system to classify awkward working postures using several ML methods such as ANN, 

Decision Tree (DT), K-Nearest Neighbor (KNN), and SVM. From another perspective, 

Nath et al. [121] used neural network and DT algorithms to verify whether the workers 

are using personal protective equipment detected through three deep learning algorithms. 

The structure of the neural network included one input layer (including 4 features), two 

hidden layers (each comprising 8 nodes), and one output layer for a binary classification. 

The dataset containing 1,500 annotated images and 4,700 worker instances showed that 

the single convolutional neural network framework achieved the best performance. Apart 

from the construction safety management, other researchers used ANN either for safety 

predictions in other industries or other sub-topics of construction management such as 

construction cost prediction [154] and outcomes of construction claims [155]. Hence, the 

wide application of the method in different research areas is the primary reason to 

examine its performance in the time series analysis for the future projections of the 

number of occupational accidents in the construction industry. 

4.3.3.2 Multivariate Adaptive Regression Splines 

Multivariate Adaptive Regression Splines (MARS), which was introduced by Friedman 

[156], is a nonparametric method that does not rely upon the assumptions on the 

functional relationship between dependent and independent variables. Instead, the MARS 

algorithm creates a dynamic relationship among the variables based on basis functions 

extracted from the regression data. A flexible regression model is built by using basis 

functions that correspond to different ranges of independent variables. MARS can be 

deemed as a powerful algorithm, as accurate results can be obtained even if there are 

complex relationships (such as nonmonotonic) between dependent and independent 

variables. Multicollinearity, which is the interaction of independent variables with each 

other, is a counterwork in regression analysis due to the fact that a single function is 

utilized to define the relationship between variables [157]. However, it does not pose a 
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challenge in MARS method since it employs a piecewise polynomial function to 

determine the basis functions. The MARS model has two fundamental steps, forward 

selection and backward elimination. In the first step, a knot is described for each value 

for every regression slope changes, such as an end of one domain in the dataset, and so 

the beginning of the other [158]. In the second step, significant independent variables and 

mutual interactions among these variables are determined. Also, less important variables 

are pruned from the MARS model and the model, which satisfies the objective function 

(the sum of error squares as default) is defined as the most appropriate model. 

Despite its several advantages, there is a gap in the construction safety literature about 

the application of the MARS method. Even the utilization of the method in any of the 

sub-disciplines of construction is limited. As an example of the very few attempts, Cao et 

al. [159] proposed a hybrid forecasting model that analyzed the effects of attributes to 

predict construction cost index in Taiwan. In another study, Chen and Yang [160] 

calculated an optimum surrogate model according to the dataset simulated with 

EnergyPLus, using MARS, multiple linear regression and SVM. Applications for a case 

study of a passively designed high-rise residential building were performed through 

several ventilation and thermal load scenarios. Guo et al. [161] analyzed the applicability 

of MARS and deep forest for the rockburst risk assessment, and compared their 

performances with some baseline models such as Random Forest (RF), eXtreme Gradient 

Boosting (XGBoost) and ANN. In safety domain, Sánchez et al. [162] used MARS 

algorithm for a dimension reduction before the application of SVM method to predict 

occupational accidents. The literature on MARS application shows that the use of MARS 

is highly limited, particularly regarding construction safety domain. 

4.3.3.3 Support Vector Machine 

Support vector machine (SVM) is based on the statistical learning theory and structural 

risk minimization principle [163]. SVM method is described as the universal structured 

learning process that can be used to learn various projections, such as neural networks 

(sigmoid activation), radial based functions, splines and polynomial predictors. In SVM, 

the class of data points is determined by means of a line, which is called as hyperplane. 

For non-linear problems, a hyperplane cannot be obtained without an error, such that the 

error is allowed during the entire process and the hyperplane that gives the lowest error 

is derived. Therefore the hyperplane, which maximizes the margin and minimizes the 

error is called optimal hyperplane [164]. Considering the fact that SVM cannot produce 
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a linear hyperplane for a nonlinear dataset, existing research recognizes the critical role 

played by kernel tricks that are used for non-linear problems in improving the learning 

ability of algorithm [165]. Several functions are proposed as kernels, such as radial basis 

function (RBF), polynomial function and sigmoid function. The selection of the kernel 

function has a pivotal role on the performance of SVM. Among the functions used for 

non-linear problems, RBF represents a much larger function space than other kernel 

functions. With its practical and flexible nature, the RBF is able to establish all 

relationships swiftly [166]. Also, the RBF kernel exhibits not only a fast convergence but 

also better generalization ability [167]. These facts make RBF kernel a universal function 

and it was used in this research based on these advantages. 

Owing to its several advantages, SVR (particularly with RBF kernel) has widely been 

used in the literature, including construction safety management. In this context, Zhang 

[168] analyzed construction occupational accident classification using Word2Vec skip-

gram model, which is mainly used for learning word embedding, and developed a hybrid 

deep neural network structure with respect to text mining. The researcher compared the 

proposed model with five commonly used ML methods: Linear Regression (LR), SVM 

(with RBF kernel), DT, naïve bayes (NB), and KNN. They concluded that the proposed 

model constituted with 1,280 cases had a substantial effect on the classification results 

based on several target output elements, such as falls, fires, traffic, exposure to chemical 

substance. Goh and Ubeynarayana [4] performed narrative classification of occupational 

accidents based on text mining techniques using 1,000 construction accident narratives. 

They evaluated six ML methods as SVM, LR, RF, KNN, DT, and NB, and found that the 

best performance was produced with both linear and RBF SVM models. From another 

perspective, Li et al. [169] tested several ML methods such as SVM, DT, KNN, boosted 

tree, and linear discriminant analysis for the mental fatigue classification of construction 

equipment operators, and found that SVM was the most suitable ML method in the field. 

Some of the other studies that adopted SVM method in the construction safety literature 

can be summarized as Cheng et al. [97] (for accident classification), Baker et al. [14] (for 

injury severity, injury type, impacted body part, and accident type), Zhang et al. [170] 

(for causes of accident). Hence, its wide and successful applications in the construction 

safety literature are the main reasons to use SVM method in this study. It is also important 

to note that despite SVM being used in both classification (SVC) and regression (SVR) 



56 

problems, majority of the studies in the construction safety literature considered SVC 

method, while SVR method (for a regression problem) is used in this study. 

4.4 Research Framework 

This research consists of comprehensive evaluation of different ML methods for short-

term, mid- term and long-term predictions of the frequency of the occurrences of 

occupational accidents in the construction industry on a daily basis. To accomplish this 

goal, three different ML algorithms are employed and coupled with the DWT, which is 

one of the most effective tools in the decomposition of time series. As a first step, the lag-

times that are used as input were obtained through the partial autocorrelation functions. 

Then, predictions were performed by means of both the stand-alone ML methods, ANN, 

MARS and SVR, and hybrid wavelet ML methods, abbreviated as W-ANN, W-MARS 

and W-SVR. Determination of the optimum level of decomposition for the hybrid wavelet 

predictions was diligently considered by means of a trial-error approach. The entire 

dataset was divided into two major groups as training and testing with the percentages of 

70% (January 2012-February 2018) and 30% (March 2018-October 2020), respectively. 

Furthermore, the number of occupational accidents was predicted for three different lead-

times (1-day, 7-day and 30-day ahead), while the results were also investigated by using 

different performance metrics to exhibit the statistical significance of the predictions. The 

flowchart of the analysis procedure is shown in Figure 4.1. Accordingly, a dynamic 

utilization plan based on the proposed prediction model is presented to aid in the 

development of national OHS management procedures. 
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Figure 4.1 Analysis procedures of the proposed study 
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4.5 Materials and Methods 

4.5.1 Data and Statistical Features  

Occupational Health and Safety Law (Law no: 6331) [17] enacted in 2012 in Turkey 

resulted in a huge number of accident records between 2012 and 2020. The law states that 

employers must report occupational accidents to the Social Security Institution (SSI) 

within three days after an accident. Hence, some of the accidents experienced before 2012 

were likely not to be recorded. According to the dataset acquired from the Republic of 

Turkey, SSI, there were only 425 accidents recorded between 1987 and 2011, while 

393,160 recorded accidents were observed between 2012 and 2020 (up to October). 

Accidents recorded between 1987 and 2011 were not included in this study to minimize 

bias due to the law. The dataset obtained from the SSI initially included several variables 

such as accident date, time of the accident, location of the accident (city), gender, age and 

education level of the victim etc. According to the dataset 4,230 fatal and 388,930 non-

fatal accidents were recorded, of which more than 30% took place in Istanbul, the most 

populated and urbanized city of Turkey. In addition, nearly 80% of the accidents were the 

first accident experience of the employees, while there was no workday loss in 74% of 

the accidents such that workers continued to work the same day. More than 75% of the 

accidents were experienced in small and medium-sized enterprises (SME) with number 

of workers less than 250. In addition, the majority of the recorded causes were referred 

to as “damage due to oscillating object”. It was observed that Monday was the day with 

the highest number of accidents and July was the most risky month. 

Looking onto the literature, researchers tend to use ML models by using nation-wide 

accident datasets to predict measurable outputs such as accident outcome, injured body 

part, and accident severity. These models are usually developed to prevent future 

accidents by analyzing the reasons causing accidents or their severe consequences. In this 

study, a novel approach was adopted to explore the nation-wide dynamics of the 

occurrence of accidents. The accidents were classified daily and then summed up to 

calculate the total number of accidents occurred in each day throughout the country, 

which formed a daily-recorded time series data between 2012 and 2020 in the 

construction industry. Table 4.2 provides the details of the time series data, which is based 

on the statistical features. There is an increasing trend in the frequency of the occurrence 

of accidents between 2012 and 2018, while a decline can be observed between 2018 to 

2020, mostly due to the recession in local construction industry. According to the Turkish 
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Statistical Institute [128], the average monthly employment in the construction sector 

increased from 2012 to 2018 at different rates, while it decreased by 4.9, 21.5, and 4.4% 

in 2018, 2019, and 2020, respectively. 

Table 4.2 The statistical features of the time-series data 

 Number of daily occupational accidents 

Years Total Maximum Average Minimum 
Standard 

Deviation 
Variance 

2012 17,303 123 47.27 1 26.96 726.96 

2013 27,727 376 75.96 0 30.81 949.00 

2014 31,610 313 86.60 0 30.26 915.68 

2015 37,233 453 102.01 0 42.60 1,814.37 

2016 48,304 336 131.98 1 49.63 2,462.74 

2017 66,656 471 182.62 9 69.29 4,800.95 

2018 77,632 514 212.69 11 72.45 5,248.63 

2019 49,710 288 136.19 3 45.49 2,069.17 

2020 36,985 310 126.66 11 58.01 3,365.66 

Grand 

Total 
393,160 514 122.33 0 70.07 4,909.33 

 

Some highlights can be pointed out related to the time series dataset used in this study. 

There were only three days without an accident in the dataset, while at least 11 

occupational accidents occurred every day in 2018 and 2020 (Table 4.2). The maximum 

daily number was experienced in 2018 as 514 and the daily average was recorded as 

212.69 in the same year. These implications signify the importance of the occupational 

accident time series analysis in Turkey.  In this research, the occupational accident time 

series data was divided into two major groups as the training and testing sets to develop 

prediction models. The first 70% and remaining 30% of the data was considered as the 

training and testing sets respectively, based on the separation as a block [60] as illustrated 

in Figure 4.2, similar to the other studies using time series analysis in the literature [171], 

[172]. 
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Figure 4.2 The time series of the daily occupational accidents 

4.5.2 Data Preprocessing 

4.5.2.1 Lag Times and Lead Times Identification 

In time series predictions, lag times refer to the previous time domains that affect the 

current time domain. Also, lead times denote the time domains, which are to be predicted. 

Therefore, the effective time domains (lag times) are selected as inputs, while the lead 

times are used as outputs (Figure 4.3). The lag time determination is based on a settled 

down approach, simply correlation among the time domains, and the identification of lead 

times depends on the value attributed by a user for predicting the desired time domain. In 

this context, input-output structure of a prediction framework is constituted. As a rule of 

thumb, correlations between the time series and delays of them are obtained by using both 

autocorrelation functions (ACF) and partial autocorrelation functions (PACF). The 

similarity of the original signal over the time delays is measured via autocorrelation 

functions [60]. Thus, the similar previous time domains gain significance to be used as 

inputs to predict future time ahead. 

 

Figure 4.3 Illustration of lag and lead times 

 



61 

4.5.2.2 Optimal Decomposition Level Determination 

In time series analysis, determining the optimum level of decomposition can be 

considered as an initial step once the original series are divided into different sub-bands 

with respect the various frequencies. In the discrete wavelet decomposition, which was 

used in this study, there is a common approach allowing users to employ the following 

formulation to determine the optimal decomposition level: 

𝐽0 ≤ log2(1.5 × 𝑁) (4.1) 

in which 𝐽0 is the maximum number of levels and 𝑁 is the number of data samples. Within 

the boundaries of this approach, the determination of optimum level can also be 

performed by trial-error approach [60]. Thus, one can identify the maximum number of 

sub-bands using the Eq. (4.1) and use it as a boundary condition. The more decomposition 

levels, the more computational load. Hence, in this study, Eq. (4.1) was used to obtain the 

maximum number of sub-bands and then trial-error was performed to finalize the 

decomposition level determination process. 

4.5.3 Machine Learning Model Setup 

In this study, ANN, MARS and SVR were adopted as machine learning methods and 

integrated with discrete wavelet transform to predict the number of occupational 

accidents in the construction sector in Turkey with 1-day, 7-day, and 30-day ahead 

projections. ANN structure was developed with reference to the feedforward 

backpropagation, in which the number of hidden layers was determined as 8 and the 

maximum iteration was set to 2,000. For training, Broyden-Fletcher-Goldfarb-Shanno 

(BFGS) algorithm was used and the selected activation function was tangent hyperbolic. 

In the MARS model, the parameters were determined based on the trial-error approach, 

such that the penalty parameter and the maximum degree of interactions were selected as 

4 and 2, respectively. SVR setup was also adjusted through the trial-error method and the 

commonly used RBF was selected as kernel function. In addition, the hyperparameters of 

the SVR model were determined as 8 × 10−4, 1 × 10−4, and 80 for epsilon, gamma, and 

penalty, respectively. 

4.5.4 Performance Evaluation Indicators 

In statistical studies, providing a fair performance evaluation among the utilized methods 

plays a critical role in addressing the most powerful predictions. Therefore, a great deal 
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of performance metrics is utilized by the research society. In this study, the performance 

of proposed models were evaluated through five indicators; mean absolute error (MAE), 

root mean squared error (RMSE), mean absolute percentage error (MAPE), determination 

coefficient (R²), and Nash-Sutcliffe efficiency (NSE) index [173]. In MAE, RMSE, and 

MAPE, the smaller and larger values indicate higher and lower accuracies, respectively. 

In addition, positive and negative values are the subjects for R² performance evaluation 

metric. Positive ones indicate the direct proportionality of the recorded and predicted 

values and negative values refer the opposite (Table 4.3). Values of -1 and 1 represent the 

perfect match, while 0 means that there is no correlation between the observations and 

predictions. In the last performance metric NSE, value 1 shows an excellent performance. 

The performance of the utilized model is considered to be acceptable when the NSE value 

is greater than 0.50 [174]. In this study, the model(s) with the highest NSE and R2, and 

the lowest MAE, RMSE and MAPE values were selected as the best model. 

Table 4.3 The equations of performance criteria 

Performance 

Metric 
Minimum  Maximum  Equation 

Mean 

Absolute 

Error (MAE) 

0 +∞ 𝑀𝐴𝐸 =
1

𝑛
∑|𝐴𝑝𝑖 − 𝐴𝑟𝑖|

𝑛

𝑖=1

 

Root Mean 

Squared Error 

(RMSE) 

0 +∞ 𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(𝐴𝑝𝑖 − 𝐴𝑟𝑖)2

𝑛

𝑖=1

 

Mean 

Absolute 

Percentage 

Error 

(MAPE) 

0 +∞ 𝑀𝐴𝑃𝐸 = 100 ×
1

𝑛
∑ |

𝐴𝑟𝑖 − 𝐴𝑝𝑖

𝐴𝑟𝑖
|

𝑛

𝑖=1

 

Determination 

Coefficient 

(R²) 

−∞ 1 𝑅² =
∑ (𝐴𝑟𝑖 − 𝐴𝑟

̅̅ ̅ ) (𝐴𝑝𝑖 − 𝐴𝑝
̅̅̅̅  )

2𝑛
𝑖=1

∑ (𝐴𝑟𝑖 − 𝐴𝑟
̅̅ ̅ )2𝑛

𝑖=1 ∑ (𝐴𝑝𝑖 − 𝐴𝑝
̅̅̅̅  )

2𝑛
𝑖=1

 

Nash-

Sutcliffe 

Efficiency 

(NSE) 

−∞ 1 𝑁𝑆𝐸 = 1 −
∑ (𝐴𝑟𝑖 − 𝐴𝑝𝑖)

2𝑛
𝑖=1

∑ (𝐴𝑟𝑖 − 𝐴𝑟
̅̅ ̅ )2𝑛

𝑖=1

 

Note: 𝐴𝑟 is the recorded number of accidents, 𝐴𝑝 is the predicted number of accidents 

and 𝐴𝑟
̅̅ ̅ and 𝐴𝑝

̅̅̅̅  are the average of observed and predicted number of accidents, 

respectively. n represents the number of days. 
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4.6 Results and Discussion 

4.6.1 Optimal Lag-times and Lead-times 

In this study, partial autocorrelation functions (PACF) were used to determine the input 

variables. Since defining lag-times is highly important for the model accuracies, they 

were rigorously established with respect to confidence interval of 99%. Figure 4.4 depicts 

that 1-day (T-1), 2-day (T-2), 7-day (T-7) and 8-day (T-8) lag-times have significant 

correlations with the original occupational accident dataset. Findings highlight that the 

number of daily accidents was affected by historical accidents observed in T-1, T-2, T-7, 

and T-8 at most. The results show the importance of the “day of the week” in daily 

construction accidents, such that 7 days lag can be observed from T to T-7, and from T-

1 to T-8. Choi et al. [2] also found “day of the week” as one of the most significant factors 

contributing construction accidents. Therefore, inputs were determined as a set of four 

different lag-times, namely T-1, T-2, T-7, and T-8. 

 

Figure 4.4 The partial autocorrelation functions 

For the future predictions regarding the number of daily construction accidents, three 

different lead times were considered: 1-day ahead (T+1), 7-day ahead (T+7), and 30-day 

ahead (T+30) deemed as short-term, mid-term and long-term projections respectively. 

The main reason to select T+1, T+7, and T+30 in the prediction model is to support 

practical implications of the study for improved safety and project management 

applications. Health and safety reports are generally prepared as daily, weekly, and 

monthly documents, similar to other reports in construction projects. Zang et al. [175] 

developed a safety training scenario, measured safety training values daily, and 
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implemented to daily, weekly, and monthly safety training strategies. In addition, safety 

meetings are generally held daily, weekly or monthly to discuss safety concerns [176]. It 

is also a common practice that the communication between team members and 

departments usually rely on daily, weekly, or monthly periods in construction projects. 

With all these actual practice examples, inspectors, decision makers, practitioners, and 

safety departments of construction companies could be informed with valuable outcomes 

related to prediction of occupational accidents for 1-day, 7-day, and 30-day ahead 

(particularly by filling the gap between 1-7 days, and 1-30 days). The predictions could 

also support the planning of safety measures and daily, weekly, and monthly emergency 

plans. 

4.6.2 Stand-alone Model Results 

In this study, three different stand-alone ML methods, ANN, MARS and SVR, were 

employed to the daily occupational accident data for projections in short-term, mid-term 

and long-term time periods. According to scatter plots presented in Figure 4.5, the ANN 

model was well-scattered in the 1-day ahead prediction, while it mostly overestimated the 

number of occupational accidents for 7-day and 30-day ahead predictions. Findings 

illustrate that the best predictions were obtained through the MARS model for the short-

term period with R²= 0.7822, which was the highest acquired determination coefficient 

among stand-alone models (Figure 4.5). The best models were obtained in short-term 

predictions in SVR model similar to the other two methods. A number of cross-sectional 

studies also suggest that the highest accuracies are obtained when the duration of the 

predictions are reduced [177], [178]. Thus, these findings broadly support the pertinent 

literature grounded on time series predictions. On the other hand, scatter plots provide an 

overview for mid-term and long-term predictions. Here, stand-alone models were not 

well-scattered against the recorded number of accidents and overestimated the number of 

accidents as the lead times increased. Brief statistics related to stand-alone model 

performances are provided in Table 4.4. Consistent with the scatter plots, the best models 

were obtained for 1-day ahead predictions, while the MARS model slightly outperformed 

other models in the short-term prediction with NSEMARS=0.7810. On the contrary, the 

worst performances were obtained with MARS model for 7-day and 30-day ahead 

predictions. An unconventional result was also observed in T+30 prediction acquired 

through the MARS, such that a negative NSE value was calculated. It can be concluded 

that the stand-alone models revealed good performances for short-term predictions, while 
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showing moderate performance in mid-term predictions except the MARS model. As a 

result, the accuracies of the stand-alone models were statistically unacceptable 

particularly for the long-term predictions, since the NSE values were below the threshold 

value of 0.5, according to the categorization introduced by Moriasi et al. [174]. 

 

Figure 4.5 The scatter plots of the stand-alone models obtained for the test set (grey 

continuous lines represent 1:1 perfect lines and red dashed lines represent the trend 

lines) 

Table 4.4 Performance comparison of stand-alone models 

Output Method RMSE MAE MAPE NSE R² 

T+1  

ANN 34.1111 25.0737 27.8534 0.7738 0.7749 

MARS 33.5665 24.4850 24.3910 0.7810 0.7822 

SVR 36.9322 25.8595 23.6113 0.7349 0.7426 

T+7 

ANN 48.3614 33.4341 52.3703 0.5455 0.5684 

MARS 55.8606 34.3971 54.6689 0.3937 0.4693 

SVR 47.5273 31.4054 53.3413 0.5611 0.5624 

T+30 

ANN 70.6311 54.2962 62.9440 0.0307 0.1799 

MARS 74.6251 53.0149 64.3824 -0.0820 0.1095 

SVR 61.8614 46.6379 65.5043 0.2565 0.2639 
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4.6.3 Hybrid Wavelet Model Results 

In this study, the DWT method was used to improve the stand-alone model performances. 

Therefore, the original time series data was decomposed into five different sub-series 

beginning from the Level-4 to the Level-8 to identify the impact of the decomposition 

level on the prediction accuracies. To accomplish this aim, the maximum number of sub-

bands was calculated as 12 using Eq. (4.1), and then different decomposition levels were 

tried starting from level 4. This investigation was carried out according to the one lead-

time, such as 1-day ahead, via utilized ML methods, ANN, MARS and SVR. Table 4.5 

shows the results obtained for each decomposition level regarding various performance 

evaluation metrics. Strong evidence of choosing appropriate level as Level-5 (5 details 

and 1 approximation) was found as the model performances reduced when the original 

series decomposed into more than 5 levels (Table 4.5). Thus, the optimum level was 

determined as Level-5, which also enabled an effective prediction with a decrease in 

computational load. The decomposition level was not increased over 8 since the accuracy 

of the model did not increase and choosing higher number of sub-bands was 

computationally expensive. The mother wavelet was selected as sym4, given the 

similarity of sym4 mother wavelet with the original time series. The spectral bands 

decomposed by DWT are presented in Figure 4.6, in which original series, approximation, 

and details are ordered from the top to the bottom with red, blue, and green lines, 

respectively. 

Table 4.5 Determination of the optimum decomposition level (for 1-day lead time) 

Method Level RMSE MAE MAPE NSE R² 

W-ANN 

Level-4 19.3817 15.0322 14.2505 0.9270 0.9276 

Level-5 19.3165 15.0403 13.7579 0.9275 0.9287 

Level-6 19.3646 15.0192 14.2251 0.9271 0.9278 

Level-7 19.6524 15.2098 14.6907 0.9249 0.9275 

Level-8 19.5631 15.1499 14.5644 0.9256 0.9276 

W-MARS 

Level-4 25.2197 15.8757 14.8878 0.8764 0.8824 

Level-5 25.0199 15.7436 14.4088 0.8783 0.8843 

Level-6 25.0602 15.7558 14.6001 0.8779 0.8842 

Level-7 25.0536 15.7615 14.5989 0.8780 0.8842 

Level-8 25.0550 15.7610 14.6020 0.8780 0.8842 

W-SVR 

Level-4 23.2546 16.3885 16.3616 0.8949 0.8957 

Level-5 21.5436 15.9122 16.5264 0.9098 0.9098 

Level-6 21.8502 16.1513 16.5048 0.9072 0.9081 

Level-7 22.1430 16.3293 16.4436 0.9047 0.9065 

Level-8 22.1561 16.0394 16.5100 0.9046 0.9053 
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Figure 4.6 Spectral bands decomposed by discrete wavelet transform 

Compared to stand-alone model results, the accuracy of the predictions increased 

significantly with the conjunction of DWT as can be seen from the scatter plots depicted 

in Figure 4.7. For three of the lead-times, improved results were obtained with hybrid 

models. It was observed that the predictions and observations were well scattered, 

particularly for short-term and mid-term periods. Even though the accuracies were 

substantially increased, overestimated and underestimated results still existed in the long-

term projections. Performance comparison of hybrid wavelet models is shown in Table 

4.6. The findings highlight the increase in the performance of ANN model with the 

integration of DWT. Accordingly, W-ANN provided the highest accuracies for T+1 

(NSEW-ANN=0.9275) and T+7 (NSEW-ANN=0.7678) predictions. On the other hand, the 

performance of W-MARS (NSEW-MARS=0.4109) was slightly better than W-ANN (NSEW-

ANN=0.3903) for T+30 predictions. The smallest MAE and RMSE values were obtained 

with W-ANN for short-term and mid-term and with W-MARS for long-term predictions. 

It can also be noted that the accuracy of the W-SVM models were slightly lower than 

other two hybrid models with NSEW-SVR=0.9098, NSEW-SVR =0.7285 and NSEW-SVR 

=0.3745 for 1-day, 7-day, and 30-day ahead predictions, respectively (Table 4.6). 
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Figure 4.7 The scatter plots of the hybrid wavelet models obtained for the test set (grey 

continuous lines represent 1:1 perfect lines and red dashed lines represent the trend 

lines) 

Table 4.6 Performance comparison of hybrid wavelet models 

Output Method RMSE MAE MAPE NSE R² 

T+1 

W-ANN 19.3165 15.0403 13.7579 0.9275 0.9287 

W-MARS 25.0199 15.7436 14.4088 0.8783 0.8843 

W-SVR 21.5436 15.9122 16.5264 0.9098 0.9098 

T+7 

W-ANN 34.5698 25.1946 30.4042 0.7678 0.7679 

W-MARS 34.9743 26.0570 30.6950 0.7623 0.7633 

W-SVR 37.3825 27.0467 34.0063 0.7285 0.7324 

T+30 

W-ANN 56.0173 41.4375 63.4305 0.3903 0.4072 

W-MARS 55.0657 40.4167 60.4311 0.4109 0.4161 

W-SVR 56.7382 42.0650 61.0664 0.3745 0.3886 
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Figure 4.8 shows the comparison between the observed and predicted number of 

accidents regarding the best models (W-ANN, W-ANN and W-MARS for T+1, T+7 and 

T+30 projections, respectively). In short term predictions (1-day ahead), the W-ANN 

performed well and captured both the extreme high and low values mostly. Although to 

a lesser extent, W-ANN still showed considerable performance in the mid-term 

predictions through capturing the trend in the time series, except performing great 

predictions for some of the higher extremes. To further probe into statistical evaluations 

of the predicted time series and provide concise summary and quick overlook for model 

performances, Taylor diagrams were introduced as shown in Figure 4.9. Based on 

versatile statistical evaluations, Taylor diagrams showed that hybrid wavelet models 

outperformed the stand-alone models for each lead-time. They also illustrated that the 

correlations between stand-alone model results and the observations were relatively low 

for T+1 and T+7 predictions and considerably low for T+30 predictions. The figure 

further depicts that the hybrid models had better match patterns with the observations 

according to the ratio of the variances. 

Overall, it can be stated that the frequency of the occurrences of occupational accidents 

can be predicted through either nation-wide or within the scope of a mega project that has 

daily accident records for short and mid-term time spans with higher accuracy levels. For 

the long-term predictions, more investigations should be conducted to achieve improved 

accuracies. Comparing with the existing research in the construction safety literature, this 

study shows a uniqueness by predicting safety outcomes based on daily time series data 

consisting of 393,160 construction accidents. The utilization of the DWT contributed a 

lot in the improvement of prediction performances of ML methods in the number of 

construction accident prediction. By using the analysis procedures presented in this paper, 

inspection entities, safety managers, and decision makers can develop safety measures 

and policies to improve safety conditions, and act proactively for the preventive 

strategies. The following sub-section describes how this study can be used dynamically 

in a generic view to prevent future accidents. 
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Figure 4.8 Recorded and best modelled time series with respect to the testing set. (a) 

T+1, (b) T+7, (c) T+30 

 

Figure 4.9 Taylor Diagrams. (a) T+1, (b) T+7, (c) T+30 
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4.6.4 Practical Use of the Study 

This study offers a prediction model to determine the number of occupational accidents 

in the construction industry, with a focus on 1-day ahead, 7-day ahead, and 30-day ahead 

time periods. This approach allows the utilization of a dynamic prediction system in a 

discrete period. The proposed model can be used by related institutions, OHS companies, 

frontrunners of the sector, and safety professionals in mega projects (with a risk of high 

number of accidents) dynamically to predict the number of accidents for future 

projections. For a deeper insight, dynamic utilization plan is presented on the basis of 30 

days predictions (Figure 4.10). By running the proposed model 30 days consecutively, 

related institutions and companies can predict results for the following 30 days, 1st day 

from the model of T+1 (Best model: W-ANN), 2nd to 7th days from the model of T+7 

(Best model: W-ANN), and 8th to 30th days from the model of T+30 (Best model: W-

MARS). These findings can provide insights to institutions and organizations with early 

detection capability of the number of potential occupational accidents. With the 

predictions, such entities can perform nation-wide or project-based inspections 

proactively, and maintain improved safety performances. Proactive risk management 

plans can be developed by construction firms and OHS departments, which could 

contribute to minimization of occupational accidents through the detection of most risky 

time periods. 

 

Figure 4.10 Dynamic utilization of the proposed framework 

With the Occupational Health and Safety law (Law no: 6331) [17], the Occupational 

Health and Safety Regulation in Construction Works [19] defines actions that are required 

for construction works in Turkey. Measures that need to be taken by employers in 

construction works are monitored and controlled by inspectors of the Ministry of Labor 
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and Social Security, based on Labor Law (Law no: 4857) [179]. The role, authority and 

responsibility of the inspection board are regulated with the Ministry of Labor and Social 

Security, Labor Inspection Board Regulation [180]. Some of the duties of the board can 

be summarized as: (i) performing sector analysis regarding occupational accidents and 

work environment, (ii) giving priority for the inspection of some particular and more risky 

sectors, (iii) providing an advice for legislation when social changes or technological 

improvements are observed, (iv) providing recommendations to improve the work quality 

of employees according to the results of inspections, and (v) acquiring, analyzing and 

interpreting the statistics of the inspection results. Thus, the timely inspection of the 

working environment and analyzing the number of accidents that are likely to occur in 

the future are important for the improvement of safety performance of the companies. By 

implementing the proposed model for different sectors other than the construction 

industry, the sector-basis inspection frequency can be adjusted with the predictions. 

Human resource management for inspection (through inspectors) can be performed 

dynamically and effectively by inspection boards. This process can be integrated to other 

primary duties of the inspection board as illustrated in Figure 4.11. 

 

Figure 4.11 The role of inspection boards and sector-basis investigation 
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The integration of the proposed model with daily investigations and its dynamic use for 

proactive risk management is also illustrated in Figure 4.12. After implementing the 

proposed model 30 days consecutively (Figure 4.10) and projections for 30-day ahead are 

predicted, the days with high number of accident predictions can be more carefully 

monitored as a part of project management. For instance, if the number of accidents 

expected 1-day ahead (such as the one depicted in Figure 4.12) is predicted as high 

compared to the current trend (such as more than the average of the last month), then the 

OHS departments of the companies would have the opportunity to take necessary 

preventive actions and issue instructions to warn employees as a part of risk management. 

 

Figure 4.12 Proactive risk management and dynamic utilization of the study  
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The prediction of the days prone to more accidents would contribute to improve 

monitoring and controlling of required safety measures and trainings, and encourage the 

use of personal protective equipment (PPE) more carefully. To prevent severe accidents, 

the use of PPE is one of the centerpieces of safety management in construction. It is 

highlighted in the literature that reward is as effective as penalty in OHS management 

applications [181]–[183]. Therefore, workers (or corresponding subcontractors) can be 

rewarded if they are detected to be using all PPEs as required.  As reported by many 

researchers like Mistikoglu et al. [1] and Xu et al. [184], the provision of safety training 

decreases the risk of fatality and safety trainings are influential on the safety performance, 

with particular focus on the personalized trainings. Hence, preplanned emergency safety 

training of employees could improve the safety performance of the construction projects. 

Another potential mitigation strategy can be considered as providing paid holidays or 

reducing the working hours particularly for those performing dangerous works as a 

reward mechanism, since employees who have less time for recreation due to long 

working hours are more prone to experience an occupational accident [185]. Evidence 

[186] shows substantial effect of long working hours, commonly encountered in the 

construction sector, on the safety performance as well as reducing the productivity and 

absenteeism on duty [187]. Therefore, workers’ working periods, average working hours 

per week, and average holidays per month can be planned based on evidence from 

predictions, and corresponding mitigation measures can be implemented to minimize 

accidents due to long working hours and relevant stressors. 

On the other hand, if high accident rates are predicted within a certain period (9th and 15th 

days as in the example, top right of Figure 4.12), those working days can be monitored 

with extra care and the frequency of the inspections can be increased as preventive or 

mitigation actions. Then, the inspection can be performed repeatedly to overcome the 

predicted risks and shortcomings can be rectified with additional monitoring and 

controlling activities on the construction sites. In case of a risky alert from the predictions 

throughout medium to long-term period (18th and 22nd days as in the example, Figure 

4.12), then the activities can be monitored with more focus in the upcoming days with 

relatively higher prediction accuracy (such as 7-day ahead), which might also assist the 

human resource management plan. Figure 4.13 is drawn to illustrate how continuous 

monitoring can be conducted by inspection boards regarding long-term threats (with 

reference to “A” in Figure 4.12). The figure shows that short-term and long-term priority 
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levels of the construction sector (identified through sector-basis investigation) can be 

used as threshold values. The threshold values and predicted number of accidents can be 

compared daily as a decision-making parameter. Whenever the predicted values are 

calculated as higher than the corresponding threshold values, then the inspection decision 

(or expansion in inspection) can be considered. 

 

Figure 4.13 Example for continuous monitoring  

The abovementioned procedures can be used dynamically by related institutions or 

construction companies to monitor, control, and abate safety risks generically, based on 

the national or company database. The ultimate and ideal objective of this study is to 

achieve accident-free construction industry or sectors in general through the proposed 

continuous improvement model with proactive safety risk management. For better insight 

into the practical utilization of the research, “five Ws and one H” method, mostly referred 

as 5W1H is also adopted, as illustrated in Figure 4.14. The answers to Why, What 

(purpose), Where, When, Who, and How are generally considered to be at the center of 

problem solving, which will aid in explaining the utilization of the proposed approach. 

Despite that the method is commonly used to describe news stories [188], the answers to 

the corresponding questions also play a vital role in project planning. Accordingly, this 

study is performed to highlight that safety is one of the major concerns in many industries, 

particularly in the construction industry due to its poor performance. It aims to improve 
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safety performance of countries, particular sectors, companies, or projects. The proposed 

model can be conducted in any countries where there is a daily accident database (number 

of accidents) available and can be run dynamically every day with the accumulated 

accident data. Inspection boards, OHS firms, construction companies, or OHS department 

of special projects can utilize the approach as a means to improve safety performances of 

the industries, companies or projects. Overall, the proposed model can be used with an 

integrative planning and implementation that is explained in subsequent illustrations in 

Figure 4.10, Figure 4.11, Figure 4.12, and Figure 4.13. 

 

Figure 4.14 Answers to 5W1H 

4.7 Conclusions 

In this study, national daily time series data of 393,160 construction accidents between 

2012-2020 were analyzed to predict the number of daily occupational accidents with 

respect to 1-day ahead (short-term), 7-day ahead (mid-term), and 30-day ahead (long-

term) time periods. The main purpose of the study is to propose a predictive model to 

increase the efficiency of construction safety management and project management 

practices, for construction practitioners, safety managers and decision makers. Findings 

of this study also aim to assist safety professionals particularly during safety meetings to 

consider daily, weekly, or monthly occupational accident occurrence predictions to 

discuss safety concerns in construction projects. The proposed prediction framework can 

also be used by inspection boards dynamically, as scientific evidence developed by means 

of machine learning methods based on real data, to improve legislative power and safety 

conditions in the construction industry. 

To achieve this objective, three different stand-alone machine learning methods, ANN, 

MARS and SVR, were employed to the daily national occupational accident dataset. To 
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improve the prediction performance of the presented methodology, discrete wavelet 

transform was integrated with the employed machine learning methods (W-ANN, W-

MARS, and W-SVR) as a pre-processing technique. Six different models, including 

stand-alone and hybrids, were used to predict the number of construction accidents on a 

daily basis. Several performance evaluation metrics were utilized to compare the 

performance reliability of each model. The performance of W-ANN method was reported 

to show the best predictions for short-term and mid-term, while it was W-MARS for the 

long-term periods. The study shows that the discrete wavelet transform method increased 

the accuracy of all stand-alone models for all short-term, mid-term, and long-term time 

spans. Performances of the models demonstrate that the number of occupational accidents 

can be predicted with high accuracy rates, as in W-ANN method, which were 0.9275 and 

0.7678 with respect to short- and mid-terms based on Nash-Sutcliffe efficiency index, 

respectively. 

This study also provides valuable information about the generic view of occupational 

safety for decision makers. Still, it has some limitations, which needs be considered in 

future studies. Although the prediction accuracies were high for short and mid-term 

periods, the prediction performance was relatively lower for long-term consideration. 

Therefore, the developed predictive models in this study could be used for short-term and 

mid-term predictions, while long-term predictions require further investigations for 

improved accuracy in the models. To increase the predictive performance of the models, 

different decomposition techniques and machine learning algorithms may also be 

considered in future studies. In addition, even though the data related to occupational 

accidents were trained and tested, results could vary for different countries based on 

country-specific differentiations in the dataset. International comparative studies on 

predicting the number of occupational accidents would be useful to observe the impacts 

of country-basis conditions. Besides, projections with other national variables (in daily 

time series form), which are potentially effective in the prediction of the number of 

occupational accidents, can help policymakers understand in what national conditions 

more or fewer accidents occur. Finally, this study analyzed all occupational fatal and non-

fatal accidents in the construction industry to develop prediction models in different time 

periods. Predicting the number of fatal and non-fatal accidents separately for daily, 

weekly, or monthly time periods (based on the amount and availability of dataset) would 

contribute a lot to the body of knowledge. Through an elaborated investigation and 
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improvement of the proposed model based on the nation-wide time series occupational 

accident dataset, a new safety management plan could be prepared by governmental 

authorities to manage safety issues in construction projects more efficiently. 
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5                                                                                   

SCENARIO-BASED AUTOMATED DATA 

PREPROCESSING TO PREDICT SEVERITY OF 

CONSTRUCTİON ACCİDENTS 

 

This chapter was published in Automation in Construction, vol. 140, p. 104351 as a 

research article.  

5.1 Introduction 

Occupational accidents not only cause severe injuries and fatalities, but also interrupt the 

orderly progress of work [189]. Construction projects, in particular, are executed under a 

turbulent and dynamic environment, which renders it one of the most demanding and 

dangerous industries [15], [190]. Construction sites can be characterized by their 

complex, uncertain and cluttered nature. A continuously changing environment is 

experienced nearly every day with movements of workers, materials, and construction 

equipment [191]. Thus, workers in the construction industry are at higher risk to 

experience severe accidents compared to workers in other industries in many countries 

[192]. Although serious efforts have been paid to minimize safety concerns in the 

industry, occupational safety in construction has experienced relatively slow progress [7]. 

Hence, improving workplace safety performance in construction projects is an important 

need for the industry. 

Accident outcomes culminating in fatality and permanent incapacity are commonly 

considered as catastrophic and high-severe accidents [193]. Fatality and permanent 

incapacity rates account for very high percentages in the construction industry. Even 

though the employment rate is around 7% globally [3], the construction industry accounts 

for approximately 30-40% of occupational fatalities in most countries [3], [15]. The rates 

of fatality (32%) and permanent incapacity (37%) in the construction industry are also 

considerably higher than all the other industries in Turkey [21]. Thus, developing a model 

to predict the severity level of construction accidents is important to improve the safety 

of construction workers, provide confidence to project parties, and add value to the overall 

performance of the projects. 
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New ideas and opportunities have emerged in addressing new problems and/or solutions 

[194] with the continuously acquiring data and advances in machine learning (ML) 

applications. Historical data is the fundamental ingredient of the ML-based prediction 

models. Although most construction organizations and institutions have accident 

databases, they are hardly used regarding advanced analytics [66], since comprehensive 

and detailed preprocessing should be applied with a list of issues related to the quality of 

the data [195], [196] such as missing data problem, outliers, different types and scaling 

of features, and imbalanced class distribution [193]. Therefore, the requirement of multi-

step comprehensive preprocessing is suggested in the literature [197] to minimize 

erroneous and misleading results. It is also well acknowledged that the majority of the 

time required for the entire process in ML applications was devoted to preprocessing 

[196]. These facts highlight that building a foundation for ML implementations with a 

robust data preprocessing phase could become as significant as developing a robust ML 

model [195]. Despite these, the effects of different preprocessing techniques on the 

performance of the proposed models with a scenario-basis investigation have not been 

explored comprehensively in the literature. Choosing the best preprocessing scenario has 

usually been undervalued [198], and more emphasis has been put on selecting the most 

appropriate ML method in the literature [8], [11], [14], [15], [199]. 

The main research focus of this study is to determine the combination of preprocessing 

techniques which yields the most accurate severity prediction for construction accidents. 

Accordingly, the aim is to develop a scenario-basis automated preprocessing model that 

identifies the most robust preprocessing pipeline automatically for accident severity 

prediction. The proposed model was tested with a state-of-the-art eXtreme Gradient 

Boosting (XGBoost) method due to its high performance in problem-solving, fast 

operation speed, effectiveness in calculations, and ability to achieve advanced results on 

complex datasets [48], [53], [54], [200], [201]. Overall, primary contributions of this 

study are listed below. 

• One of the most prominent contributions of this study to the practice is enabling 

project and safety managers who aim to improve safety management practices in 

construction projects act proactively through the proposed prediction model, since 

it is an arduous task to identify events that could lead to severe accidents before 

they occur and detect the most effective preprocessing scenario. 
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• The utilized dataset includes 388,907 workers, who experienced occupational 

accidents in the construction sector in Turkey between 2012 and 2020, which 

enabled a statistical and empirical analysis on a national scale. Despite accident 

databases have widely been used to address construction safety issues [202], 

[203], they were merely used for accident outcome prediction purposes. On the 

other hand, existing literature on accident outcome prediction relies on smaller 

sample sizes and most of them focused on accidents in developed countries. 

• A construction safety management framework is proposed, supported, and 

enhanced by the analysis results. This framework can be used as a detector for 

potential cases with high probability of occurrence values that might result in 

fatality and permanent incapacities. The proposed framework can be used daily 

as a warning mechanism about the workers that require particular attention in 

terms of safety measures. 

The flow and structure of the remaining part of the study is shown in Figure 5.1. Section 

5.2 shows the results of literature review in terms of severity prediction of construction 

accidents (Section 5.2.1) and data preprocessing in ML (Section 5.2.2), and identifies 

research gaps. The national dataset used is described in Section 5.3, followed by model 

development stage in Section 5.4. In this section, initial preprocessing (Section 5.4.1), 

adopted comprehensive preprocessing steps (Section 5.4.2), proposed automated 

preprocessing model (Section 5.4.3), adopted ML method to test the model (Section 4.4), 

and considered performance evaluation metrics (Section 5.4.5) are explained. Section 5.5 

is focused on the results of preprocessing model (Section 5.5.1) and feature importance 

(Section 5.5.2). In discussion (Section 5.6), adopted methodology (Section 5.6.1) and 

feature importance results (Section 5.6.2) are evaluated and compared with the relevant 

literature, and how the proposed model can be used in construction sites is elucidated 

(Section 5.6.3). Finally, Section 5.7 presents the recommendations, limitations, future 

research directions, and conclusions. 



82 

 

 Figure 5.1 Flow of the research 

5.2 Literature Review 

5.2.1 Severity prediction of construction accidents  

Conventionally, safety risks of workers are calculated by multiplying the probability of 

occurrence of an accident with its predicted severity [189]. Existing studies focus on the 

probability of occurrence due to the available data that corresponds to the characteristics 

of work environments. However, the severity is as equally important as the probability in 

risk quantification [7], [189]. Thus, estimating the severity level of occupational accidents 

has received considerable attention recently, particularly in the construction industry [6], 

[8], [14], [15]. In most of these studies, the accident severity was measured from the 

lowest severity level, such as near misses or first aid cases, to the highest severity level, 

such as fatalities. 

In the construction safety literature, most researchers used binary classification to predict 

the severity level of construction accidents. Among the preliminary studies, Esmaeili et 

al. [204] developed a logistic regression (LR) model to predict the severity outcomes of 

construction accidents (fatal or non-fatal) by using a dataset collected from Occupational 

Safety and Health Administration (OSHA) comprising 1,436 accident instances. Based 

on the data collected from the same institution with 594 fatal and 819 non-fatal cases, 

Mistikoglu et al. [1] developed a decision tree (DT) model to predict the severity level of 

roofers with an accident type specific to falling from height. Similarly, Choi et al. [15] 



83 

used several ML methods such as LR, DT, random forest (RF), and AdaBoost to predict 

the severity outcome (fatal or non-fatal) of construction accidents based on national data 

(2,846 fatal and 137,323 non-fatal). Their study showed that the RF model achieved the 

highest classification accuracy. Ayhan and Tokdemir [6] classified the severity of 

accidents into two categories, namely low-severe (including at-risk behavior, near-miss, 

and non-day lost cases) and high-severe (including first aid cases, medical intervention, 

the day lost cases, and fatalities). The prediction model was developed with an artificial 

neural network (ANN) based on 4,109 cases collected from construction companies. 

Baker et al. [14] measured the severity of injuries with respect to the level of immediate 

medical care required, such as first aid and medical case. By using over 90,000 injury 

reports, the researchers developed XGBoost, RF, support vector machine (SVM), and 

XGBoost + RF models to predict severity level of construction accidents, as well as other 

outcomes such as injury type, body part, and incident type. 

The severity level of construction accidents was also predicted within the context of a 

multi-class problem. For instance, Lee et al. [8] considered severity including three 

classes: slight injury, serious injury, and fatality. The researchers developed SVM and 

DT-based ensemble models subjected to data collected from a large construction 

company in Korea (with 963 accident cases). They predicted the accident severity and 

other outputs such as the cause of the accident and injured body parts. Tixier et al. [7] 

used 5,298 injury reports taken from contractors to predict energy source, injury type, 

body part, and accident severity. The researchers used RF and stochastic gradient tree 

boosting (SGTB) to develop prediction models in which severity level was categorized 

in three classes: pain/first aid, medical care, and lost work time. From another perspective, 

Antwi-Afari et al. [36] collected data from wearable insole pressure sensors to predict 

construction workers’ loss of balance. They tested several classifiers, including ANN, 

DT, RF, K-Nearest neighbor (KNN), and SVM, with output classes of the simple walk, 

slip, trip, unexpected step-down, and twisted ankle. However, most of these studies 

praised the ML process more than designing the data before prediction with a 

comprehensive preprocessing. None of them examined the effects of different 

preprocessing scenarios, while most of them compared the prediction accuracies of 

various ML models such as [8], [14], [15], which constituted the point of departure of this 

study. 
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5.2.2 Data Preprocessing in Machine Learning  

Preprocessing is one of the most crucial tasks affecting the accuracy of prediction models 

[65] as most datasets include missing values, different scales of features, and noisy data 

with outliers [87]. Researchers and data scientists usually spend on average 60% of their 

efforts in preprocessing for building the model as “no quality data, no quality results” 

[196]. Swarna-Priya [84] argue that most of the studies in the literature focus on building 

the ML model without paying the required attention to the preprocessing stage. Some of 

the most widely adopted preprocessing steps and their descriptions appear in Table 5.1. 

In the construction safety literature, one of the most widely adopted data preprocessing 

methods is DRSM. The researchers used several resampling techniques such as ROS [15] 

and RUS [11] to deal with the class imbalance issue, which is inherent in accident 

datasets. There are also some studies that increased the dimension of the captured data by 

the number of elements of some categorical features with a one-hot encoding procedure 

to represent the categoric features in a more interpretable way [193], [197]. Besides, 

OUTH is frequently addressed as a preprocessing approach in the literature. In this 

context, some researchers select the most adequate ML model according to many criteria 

including their robustness to outliers [7], while others choose to treat outliers based on 

several outlier detection methods such as interquartile range (IQR) [4]. Similarly, rows 

including missing values are usually removed from the datasets [204], while some 

researchers use the median substitution method [207], mean substitution method [88], or 

ML algorithms for missing data imputation [65]. DBIN is another preprocessing 

technique applied to mainly numerical features, such as the age of worker or size of 

company [15]. On the other hand, DSCL methods, which are used for standardizing the 

numerical features, were mainly adopted in other research fields [86], [208]. Although 

researchers in construction safety used certain preprocessing steps, the pertinent literature 

lacks both a multi-step comprehensive preprocessing and scenario-basis automated 

preprocessing. 

 

 

 

 



85 

Table 5.1 Some preprocessing elements and their descriptions 

Reference 

Preprocessing 

step Description Potential scenarios 

Walther et 

al. [205] 

Missing data 

handling 

(MDH) 

Most data include missing 

values due to several reasons 

such as human errors or data 

interruptions. MDH aims to 

deal with missing values in the 

dataset to improve prediction 

performances. 

I) Remove missing 

data, 

ii) Consider missing 

data as mean or 

median for numerical 

features, 

iii) Consider missing 

values as "other" for 

categorical features. 

Huang and 

Meng [206] 

Data binning 

(DBIN) 

DBIN is a method of dividing 

continuous features into a 

series of discrete ranges to 

prevent over-fitting. However, 

some information in the dataset 

is lost when binning the data. 

i) Do not apply DBIN, 

ii) Apply binning to 

numerical features. 

Erharter et 

al. [197] 

Outlier 

handling 

(OUTH) 

Outliers might reduce the 

prediction power of ML 

models. OUTH approaches 

deal with anomalies or outliers 

to represent the dataset in a 

more interpretable way. 

i) Do not apply 

OUTH, 

ii) Remove outliers, 

iii) Cap outliers at the 

upper and lower limit 

of corresponding 

features. 

Dietrich et 

al. [195] 

Data scaling 

(DSCL) 

ML models may not perform 

well if numerical features are 

scaled at different intervals. 

DSCL aims to scale numerical 

features in a similar sense by 

zooming in or out. 

i) Do not apply DSCL, 

ii) Standard scaler, 

iii) Min-max scaler. 

Sarker et al. 

[83] 

Data encoding 

(DENC) 

ML algorithms work well with 

numerical values while 

captured data might include 

categorical features. Thus, 

DENC aims to convert 

elements in the categorical 

features into numerical values. 

i) Label encoding, 

ii) One-hot encoding. 

Chi et al. 

[109] 

Data 

resampling 

(DRSM) 

If the dataset is imbalanced, 

ML methods may yield 

erroneously higher prediction 

accuracies if classify all the 

labels as majority class. 

Therefore, DRSM techniques 

should apply to the training set 

to minimize bias towards the 

majority classes. 

i) Random under-

sampling (RUS), 

ii) Random over-

sampling (ROS), 

iii) Synthetic minority 

over-sampling 

technique (SMOTE). 

 

Other than the construction safety literature, some researchers adopted a systematic 

preprocessing approach to boost the prediction accuracy of the proposed models in 
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different fields. For instance, Erharter et al. [197] used a sequential preprocessing 

approach as a foundation for cone penetration test classification. The researchers removed 

outliers, scaled the data between 0 and 1, balanced the soil types with SMOTE algorithm, 

and then applied the one-hot encoding scheme to deal with nominal-categorical data. 

Wang et al. [209] developed a prediction model for corporate misconduct detection and 

used three preprocessing techniques that were data binning, one-hot encoding, and 

SMOTE to deal with skewed variables, categorical variables, and imbalance classes, 

respectively. Li et al. [169] subjected several preprocessing techniques such as outlier and 

noise data elimination, missing data imputation and data resampling into an eye 

movement dataset to classify the mental fatigue of construction equipment operators. 

However, there are no distinct rules to decide when to use specific preprocessing 

techniques, which techniques to combine in a scenario, and how [210]. A complementary 

mixture of preprocessing methods and their combinations are suggested in the literature 

as they provide all the information linked to a distinct preprocessing step. Such a process 

takes the users out of the tedious loop of searching for the best preprocessing scenario 

[211]. In this vein, one of the preliminary studies that adopted a comprehensive 

preprocessing approach was performed by Dietrich et al. [195]. The researchers 

implemented an iterative preprocessing procedure including MDH, OUTH, DSCL, and 

DENC to predict the short-term electric load of production machines. They examined the 

data preprocessing strategies as follows: MDH with mean and median; OUTH with no 

treatment and median absolute deviation from the median; DSCL with standard scaler, 

min-max scaler, robust scaler; and DENC with one-hot encoding. However, up to the 

authors’ knowledge, studies in the literature neither proposed a scenario-basis automated 

preprocessing model, nor integrated such a model with ML applications for predicting 

future events. 

5.3 Data Description 

The national dataset used in this study was collected from the Social Security Institution, 

in Turkey, which comprises 388,907 instances (after initial preprocessing, Section 5.4.1). 

These included 279,830 first aid (severity level=1), 96,159 temporary incapacity (severity 

level=2), 8,701 permanent incapacity (severity level=3), and 4,217 fatality (severity 

level=4) cases. Besides considering this classification in most data analyses, low severity 

level (severity level: 1 and 2) and high severity level (severity level: 3 and 4) were also 

emphasized during the data description and analyses. After diligent investigation of the 
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data, 15 features were identified for accident severity prediction (Figure 5.2). Some 

features that were accessible in the dataset, such as injured body part or incident type, 

were not included since they can be regarded as post-accident data and considered as 

outcomes rather than input features [66]. In this study, features were identified from pre-

accident data to allow proactive safety management practices in construction sites [189]. 

Included features can be classified into three categories as numerical features, categorical 

features, and time-related features, which are explained in the following sub-sections. 

 

Figure 5.2 Features used in the prediction model 

5.3.1 Numerical Features  

Table 5.2 shows the severity level of construction accidents by each numerical feature. It 

was observed that with the increase in the age of the worker, the severity level of accidents 

also increased. Similarly, permanent incapacity and fatality rates of accidents increased 

as the age of the worker increased, from 0.93% to 4.06% and from 0.65% to 2.7%, 

respectively. Working days of the worker denotes the number of days passed after the first 

employment of the worker (in the corresponding company), and it is not surprising that 

the workers who have recently started (<10 days) had a higher probability of experiencing 

permanent incapacity (4.2%) and fatality (1.89%). Regarding the number of past 

accidents of the worker, it is essential to note that workers who experienced construction 

accidents before were more likely to experience accidents that would result in first aid 

only. 69.94% of the workers who had not experienced an occupational accident 

experienced accidents with first aid. The rate reached up to 98.31% for workers who had 

experienced at least four accidents. A similar tendency was observed considering the 

number of accidents in the company and the number of workers in the company. There 

were positive and negative relationships of the number of past accidents in the company 
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(from 1 to ≥100) with the first aid (from 63.80 to 88.65%) and fatality (from 2.13 to 

0.17%) cases, respectively. Likewise, the highest mortality (2%) and permanent disability 

rates (3.87%) were experienced by workers working in a company employing less than 

10 workers. Regarding the daily wage, there was a considerable difference in the 

percentages of workers who experienced accidents that led to temporary or permanent 

incapacity. Higher the daily wage of a worker is (from <50 to ≥150), less likely the worker 

needed medical intervention, in other words, experienced temporary (from 35.08 to 

12.37%) or permanent incapacity (from 4.46 to 0.96%). 

Table 5.2 Number of accidents by severity level with respect to numerical features 

Numerical 

features 
Breakdown 

First aid 

cases (%) 

Temporary 

incapacity 

(%) 

Permanent 

incapacity 

(%) 

Fatality 

(%) 

Age <20 79.13 19.29 0.93 0.65 

20  ̶  29 75.27 22.91 1.14 0.68 

30  ̶  39 70.61 26.08 2.41 0.90 

40  ̶  49 67.61 27.67 3.40 1.32 

≥50 67.98 25.27 4.06 2.70 

Working days of 

the worker 

<10 69.58 24.33 4.20 1.89 

10  ̶  49 73.30 23.72 2.06 0.92 

50  ̶  149 71.41 25.68 1.98 0.93 

150  ̶  249 72.25 25.07 1.75 0.93 

≥250 72.35 25.13 1.53 0.99 

Number of past 

accidents of the 

worker  

0 69.94 26.43 2.38 1.25 

1 77.77 19.96 1.80 0.47 

2  ̶  3 90.71 7.31 1.10 0.88 

≥4 98.31 1.31 0.31 0.08 

Number of past 

accidents in the 

company 

1 63.80 30.29 3.78 2.13 

2  ̶  3 68.68 27.65 2.51 1.16 

4  ̶  9 73.05 24.75 1.58 0.62 

10  ̶  99 78.50 20.03 1.13 0.35 

≥100 88.65 10.64 0.54 0.17 

Daily wage 

(Turkish Lira) 

<50 58.65 35.08 4.46 1.82 

50  ̶  74.99 64.26 32.21 2.42 1.11 

75  ̶  149.99 83.49 14.88 1.05 0.57 

≥150 85.60 12.37 0.96 1.08 

Missing 

data 
89.85 7.81 0.94 1.39 

Number of 

workers in the 

company  

<10 63.51 30.63 3.87 2.00 

10  ̶  49 66.81 28.65 3.04 1.50 

50  ̶  249 72.23 24.94 1.93 0.89 

≥250 80.99 17.55 1.00 0.46 

Missing 

data 
94.06 4.56 0.81 0.57 
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5.3.2 Time-related Features  

Since accident outcomes are not independent of time, many researchers included several 

time-related features in the input layer such as hour, day of the week, month, and year 

[8], [15], [65] to predict the accident outcomes. In this study, five time-related features 

were included, which are day of the month, day of the week, month, year, and time of the 

accident (hour). The distribution of the severity level of accidents by time-related features 

is shown in Table 5.3. Highest percentages regarding permanent incapacity (2.35%) and 

fatality (1.17%) were observed during the first week of the month. The data classified by 

day of the week also showed that the severe accident rates were highest at the weekend 

by 2.45 and 2.44% of permanent incapacity, and 1.25 and 1.29% of fatality for Saturdays 

and Sundays, respectively. On the other hand, fatality and permanent disability rates were 

the lowest on Thursdays and Wednesdays, respectively. 

According to the month classification, the mortality rate was the highest in September 

(1.18%) and lowest in February (0.94%). Higher percentages of the accidents resulting 

with temporary incapacity were observed during winter, while it was summer and fall 

regarding first aid cases. Considering the year of the accidents, the rate of the severity of 

accidents increased steadily in terms of first aid cases from 49.52% in 2015 to 98.42% in 

2020. It was also realized that the rate of workers experiencing more severe accidents 

steadily decreased for temporary incapacity (from 45.37 to 0.37%), permanent incapacity 

(from 3.57 to 0.42%), and fatality (from 1.54 to 0.59%) between 2015 and 2020. Statistics 

depicting a clear decreasing trend in high-severe accidents can be related to the increasing 

occupational health and safety (OHS) expenditure in the country [212]. The last time-

related feature was the time of the accident. Notably, the rates of permanent disability and 

fatality were the highest at night hours by 2.28% and 1.56% between 00.00-03.59, and 

2.57 and 2.65% between 04.00-07.59, respectively. 

5.3.3 Categorical Features  

The severity level distributions of four categorical features, namely cause material, 

construction type, education level, and gender are shown in Figure 5.3, Figure 5.4, Figure 

5.5, and Figure 5.6. Figure 5.3 shows that the safest materials were dust, silt, grain, etc., 

such that only 0.14 and 0.78% of them resulted in fatality or permanent incapacity, 

respectively. In addition, the lowest permanent disability occurred in accidents with office 

materials and equipment. The construction workers in Turkey experienced the highest 
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rate of fatality when engaged in construction machinery (such as crane and excavator) 

(2.5%) and stairways, ladder, and scaffold (2.42%). Although the fatality rate of gas, 

explosive and flammable materials (1.27%) were not among the most dangerous five 

materials in this context, the rate of permanent disability was highest (4.53%) for those 

working with or exposed to these materials. 

Table 5.3 Number of accidents by severity level with respect to time-related features 

Time-related 

features 
Breakdown 

First aid 

cases (%) 

Temporary 

incapacity 

(%) 

Permanent 

incapacity 

(%) 

Fatality 

(%) 

Day of the 

month  

1  ̶  7 71.50 24.98 2.35 1.17 

8   ̶ 14 72.18 24.58 2.16 1.08 

15  ̶  21 72.58 24.17 2.19 1.05 

22  ̶  31 71.63 25.08 2.25 1.05 

Day of the 

week  

Monday 70.94 25.80 2.16 1.09 

Tuesday 72.07 24.64 2.25 1.04 

Wednesday 71.84 24.97 2.21 0.98 

Thursday 71.89 25.04 2.05 1.02 

Friday 71.98 24.72 2.23 1.07 

Saturday 72.76 23.55 2.45 1.25 

Sunday 72.76 23.51 2.44 1.29 

Month  January 65.95 30.79 2.23 1.03 

February 66.01 30.92 2.14 0.94 

March 66.37 30.28 2.29 1.05 

April 68.88 27.75 2.29 1.08 

May 72.94 23.81 2.25 1.00 

June 72.94 23.75 2.19 1.12 

July 78.75 18.04 2.11 1.10 

August 74.09 22.43 2.35 1.12 

September 77.39 19.27 2.16 1.18 

October 74.56 22.20 2.13 1.11 

November 69.81 26.52 2.51 1.16 

December 70.01 26.71 2.21 1.07 

Year  2012 88.44 4.78 4.50 2.27 

2013 51.86 41.88 4.36 1.90 

2014 57.71 36.96 3.62 1.70 

2015 49.52 45.37 3.57 1.54 

2016 56.24 39.87 2.70 1.19 

2017 59.46 37.52 2.11 0.92 

2018 83.66 14.20 1.45 0.70 

2019 96.30 2.29 0.81 0.61 

2020 98.42 0.57 0.42 0.59 

Time of the 

accident  

00.00  ̶  03.59 74.84 21.32 2.28 1.56 

04.00  ̶  07.59 72.71 22.07 2.57 2.65 

08.00  ̶  11.59 70.24 26.58 2.27 0.90 

12.00  ̶  15.59 72.11 24.56 2.26 1.07 

16.00  ̶  19.59 73.73 22.82 2.21 1.24 

20.00  ̶  23.59 77.96 19.46 1.56 1.03 
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Figure 5.3 Cause material with accident severity level 

Figure 5.4 shows 11 types of construction by accident severity level. Considering the 

fatality rates, workers were at more risk when working in harbor and dam construction 

by 1.8%. Additionally, construction workers have experienced the highest rate of 

permanent disabilities during construction works in residential (2.8%) and non-

residential projects (2.6%). In terms of low severity level, the earthworks is perhaps one 

of the safest types of construction according to the first aid case rate (79.9%). 

 

Figure 5.4 Construction type with accident severity level 

The distribution of accident severity level regarding the education level is illustrated in 

Figure 5.5. Workers who were illiterate or only literate and with an education level of 

elementary school had higher probabilities of experiencing severe accidents, by 2.47 and 

2.62% considering permanent disability, and 1.17 and 1.25% regarding fatality rates, 
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respectively. On the other hand, workers with an education level of secondary school 

experienced the lowest fatality rate. 

 

Figure 5.5 Education level with accident severity level 

The last categorical feature included in this study was gender, with a significant 

imbalance between cases of female and male victims (Figure 5.6). Only 0.7% of the 

victims were females in the construction industry in Turkey. The figure also depicts that 

the male workers had a higher probability of experiencing permanent incapacity (2.25%) 

and fatality (1.09%) than female workers by 0.34 and 0.41%, respectively. 

  

Figure 5.6 Gender with accident severity level 

5.4 Model Development 

Research steps conducted in this study are shown in Figure 5.7 and explained in the 

following sub-sections. All experiments were performed in Python 3.8, and the following 

main packages were used: scikit-learn v0.24.1, numpy 1.18.5, pandas 1.1.3 for 

preprocessing, performance evaluation, and permutation importance; xgboost v1.3.3 for 

ML application; imbalanced-learn v0.7.0 for data resampling; and seaborn v0.10.1 for 

visualization. 
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Figure 5.7 Research steps 

5.4.1 Initial Preprocessing  

The dataset initially included 395,777 instances (accident victims) that occurred between 

1987 and 2020. However, based on careful examination of the dataset, five major issues 

were observed. 

• There were just a few instances between 1987 and 2011. 

• Missing values were detected in some of the instances regarding more than 50% 

of the features. 

• There were some inconsistencies (such as fatal accident with permanent disability 

income or entries such as workers with negative age) in some instances. 

• Duplicates were found in the dataset. 

• Some elements in categorical features included less than 2% of the data. 

Therefore, initial preprocessing (before automated preprocessing) was needed according 

to the issues mentioned above. Table 5.4 describes the context of the initial preprocessing 

steps. Correspondingly, the number of accident victims was reduced from 395,777 to 

388,907 by removing 6,870 instances, which accounted for less than 2%. 

Then, the dataset comprising 388,907 victims was investigated based on missing values 

and outliers. In this regard, four simple scenarios were considered in the preliminary step 

to check the adequacy of the research question (Table 5.5). It was observed that if the 

cases only with missing values were removed, there would be only 236,495 instances. 

When the cases with only outliers were removed, the size of the data was reduced to 

250,940 and 251,833 while imputing missing numerical values as median and mean, 

respectively. By combining these, if the cases with both missing values and outliers were 
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removed, then the size of the data reduced to 151,882, which accounts for nearly 40% 

compared to 388,907 instances. These facts also highlighted the need to consider an 

automated preprocessing model to compare the prediction power of the combination of 

each preprocessing pipeline. 

Table 5.4 Initial preprocessing steps before comprehensive preprocessing 

Step no Scope of the preprocessing 

Step 1 Cases recorded before 2012 were removed from the 

dataset since there were just a few cases recorded in each 

year between 1987 and 2011. 

Step 2 Any case that included missing values more than 50% of 

the features were removed. 

Step 3 Cases with inconsistent and irrational values were 

removed. 

Step 4 Duplicates were removed. 

Step 5 Elements of categorical features were regrouped if they 

read less than 2% of the data. 

 

Table 5.5 Number of output labels 

Output 

labels 

Severity 

level 

Original 

labelled 

cases 

Cases 

after 

initial 

pre-

processing 

If 

removing 

cases 

only with 

missing 

values 

If 

removing 

cases 

only with 

outliers 

(missing 

values = 

median) 

If 

removing 

cases 

only with 

outliers 

(missing 

values = 

mean) 

If 

removing 

cases with 

both 

missing 

values and 

outliers 

First aid 

cases 
1 285,127 279,830 167,226 171,218 171,879 101,860 

Temporary 

incapacity 
2 97,476 96,159 61,060 69,288 69,483 43,376 

Permanent 

incapacity 
3 8,936 8,701 5,740 7,112 7,123 4,705 

Fatality 4 4,238 4,217 2,469 3,322 3,348 1,941 

Total   ̶ 395,777 388,907 236,495 250,940 251,833 151,882 
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5.4.2 Adopted Preprocessing Steps for Scenario Development  

In this study, six consecutive preprocessing steps were considered. These steps are MDH 

(3 options), DBIN (2 options), OUTH (3 options), DSCL (3 options), DENC (3 options), 

and DRSM (2 options). Preferred for their diverging objectives, the steps are referred as 

a, b, c, d, e, and f, respectively. These steps are shown in Figure 5.8 and briefly explained 

in the following sub-sections. 

 

Figure 5.8 Scenario development process. 

5.4.2.1 Missing Data Handling (MDH: a) 

Missing value problem is one of the most common issues in developing ML models. The 

easiest way to handle the missing values is to remove the cases with missing data [83]. 

There are two other approaches to deal with missing values in numerical features. The 

first one is that missing values of a feature are searched and replaced with the mean value 

of the feature [88]. The second approach addresses imputing missing values with the 

median value. Meanwhile, missing values in categorical features can be coded as “other”, 

which aids in performing label or one-hot encoding [195]. All three potential options of 

MDH are addressed in this paper as shown in Figure 5.8: i) include categorical missing 

data as “other”, numerical missing data as median (a=1); ii) include categorical missing 

data as “other”, numerical missing data as mean (a=2); and iii) remove instances 

including missing values (a=3). 
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5.4.2.2 Data Binning (DBIN: b) 

Splitting continuous features into a series of distinct ranges, referred to as bins, is called 

data binning [206]. Although it is not always referred to as “data binning,” this approach 

has widely been used in the construction safety literature. For instance, Choi et al. [15] 

divided the feature “age” into 14 discrete intervals, while Kakhki et al. [213] considered 

the age of the worker as a continuous feature. Two options of DBIN are addressed in this 

study (Figure 5.8): i) do not apply data binning (b=1), and ii) split the numerical features 

into 10 bins (b=2). Since the values corresponded to the number of past accidents of the 

worker and the number of accidents in the company were severely imbalanced, it was 

inappropriate to create homogeneous bins for these features, and thus all the numerical 

features except these two were included in DBIN option 2 (b=2). 

5.4.2.3 Outlier Handling (OUTH: c) 

In this study, the IQR method was adopted to detect outliers. Accordingly, the lower limit 

(LL) and upper limit (UL) of numerical features were determined as follows [4]: 

𝐿𝐿 = 𝑄1 − 1.5 × 𝐼𝑄𝑅 (5.1) 

𝑈𝐿 = 𝑄3 + 1.5 × 𝐼𝑄𝑅 (5.2) 

where Q1, Q3, and IQR are the 25th percentile, 75th percentile, and inter-quartile range, 

respectively. Three options are considered for OUTH in this study (Figure 5.8): i) remove 

outliers that are out of the range between LL and UL (c=1); ii) consider outliers (c=2); 

and iii) consider outliers that are out of the range between LL and UL by replacing them 

with the value of LL and UL, respectively (c=3). All the numerical features except the 

number of past accidents of the worker were included in outlier treatment (OUTH option 

1 and 3; c=1 and c=3), since handling all instances in this feature lead to no single case 

(if c=1) or same value for each case (if c=3) to run the ML model. 

5.4.2.4 Data Scaling (DSCL: d) 

Numerical features were scaled at different intervals in the obtained dataset. The most 

commonly adopted DSCL methods are Standard scaler and Min-Max scaler [85]. 

Numerical features are converted in a way that leads to a distribution with a mean value 

of 0 and a standard deviation of 1 in the Standard scaler method [87]. Alternatively, 

numerical features are scaled into a discrete range, generally 0-1, in the Min-Max scaler 
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method [86]. Accordingly, three options are addressed for DSCL in this study (Figure 

5.8): i) do not apply data scaling methods (d=1); ii) apply Standard scaler (d=2); and iii) 

apply Min-Max scaler (d=3). 

5.4.2.5 Data Encoding (DENC: e) 

The dataset contained nominal-categorical (construction type and cause material) and 

ordinal-categorical (other categorical features except gender) features. The literature 

suggests label encoding and one-hot encoding approaches. Expressions in a categorical 

feature are encoded in an ordered way through label encoding [83]. Alternatively, new 

binary features are created by one-hot encoding for each element in a categorical feature 

[84]. This study considered three options regarding DENC (Figure 5.8): i) apply label 

encoding for both ordinal and nominal features (e=1); ii) apply one-hot encoding for both 

ordinal and nominal features (e=2); and iii) apply label encoding for ordinal and one-hot 

encoding for nominal features (e=3). 

5.4.2.6 Data Resampling (DRSM: f) 

The analyzed data was highly imbalanced. According to the dataset, the outcomes of 

construction accidents with first aid cases were 66, 32, and 3 times higher than that of 

fatality, permanent incapacity, and temporary incapacity cases, respectively. The most 

commonly used methods to deal with imbalanced class distribution are RUS, ROS, and 

SMOTE [15]. Instances of the majority classes are randomly removed from the data 

within the RUS algorithm [11], while the ROS algorithm is based on randomly repeating 

the instances of the minority classes [92]. On the other hand, cluster-based interpolation 

is performed to generate synthetic instances in SMOTE algorithm [93]. This study 

assessed two DRSM strategies (Figure 5.8): i) apply RUS (f=1); and ii) apply ROS (f=2). 

Since SMOTE performs interpolation on numerical features, it was not considered here, 

as the dataset included many categorical features [15]. 

5.4.3 Scenario Development  ̶  Comprehensive Pre-processing  

In this study, different combination trials were generated based on several techniques in 

each preprocessing step as part of the automated preprocessing leading to 216 unique 

scenarios. For instance, the first scenario included the following preprocessing 

techniques: MDH: Include categorical missing data as other, numerical missing data as 

median (a=1); DBIN: Do not consider binning (b=1); OUTH: Remove outliers (c=1); 

DSCL: Do not consider data scaling (d=1); DENC: Consider label encoding (e=1); and 
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DRSM: Resample the data with RUS (f=1). This scenario was referred to as “scenario 

ID: 111111” by combining the values denoted as a, b, c, d, e, and f, respectively (Figure 

5.8). 

To perform the preprocessing, several functions/classes in Python 3.8 were used in a 

closed for-loop structure. The details of the preprocessing are illustrated in Figure 5.9. 

First, a structure that included 6 nested for loops were coded to enable performing 6 

consecutive preprocessing steps (i.e., a, b, c, d, e, and f). In this step, Range function was 

used between 1 and 3 for a (MDH), c (OUTH), d (DSCL), e (DENC), and between 1 and 

2 for b (DBIN), f (DRSM). Then, the preprocessed dataset (after initial preprocessing, 

Section 5.4.1) was introduced to the code structure and denoted as Dataset X. After 

preparation of the code for the comprehensive preprocessing, several if, elif, else, and 

break statements were used and six new datasets were generated after implementing each 

preprocessing step (i.e., Dataset A, B, C, D, E, F for preprocessing steps a, b, c, d, e, f, 

respectively). For instance, if a = 3, then the categorical and numerical missing values 

were removed from the dataset using dropna function and a new dataset was generated 

as Dataset A (Figure 5.9, Step 1). After coding three if statements for MDH (i.e., a = 1, 

2, 3), the next step was coded regarding data binning (Figure 5.9, Step 2). For example, 

if b = 1, then the new dataset (i.e., Dataset B) was coded as equal to the prior dataset (i.e., 

Dataset A) since b = 1 meant not applying data binning. Similarly, the Dataset C was 

formed in Step 3 based on 3 OUTH strategies, and the Dataset D was constituted 

according to the examined DSCL strategies (Figure 5.9, Step 4). In this step, 

StandardScaler and MinMaxScaler classes of scikit-learn library were used. In the next 

step, the categorical variables in the Dataset D were treated with one of the DENC 

strategies using LabelEncoder, OneHotEncoder, or both classes of scikit-learn library 

(Figure 5.9, Step 5), which formed the basis of the next dataset (i.e., Dataset E). At the 

final preprocessing step, DRSM strategies were applied using either 

RandomUnderSampler or RandomOverSampler classes of imbalanced-learn library 

(Figure 5.9, Step 6) and the final dataset (i.e., Dataset F) was generated accordingly. Note 

that the Dataset E was divided into two groups as the training and testing sets before the 

if statements in Step 6 and then DRSM strategies were applied to the training sets only as 

a rule of thumb. It should also be noted that there would be 324 preprocessing scenarios 

(3×2×3×3×3×2) if all the combinations were run. However, as outlier treatment is 

inappropriate in the case of data binning, the only potential value of c was set as 2 when 
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b equals 2 (using nested if and elif statements). Thus, the number of scenarios generated 

was 216 [(3×1×3×3×3×2) + (3×1×1×3×3×2)]. With the preprocessed Dataset F, 

XGBoost method was employed using the XGBClassifier of xgboost library and the 

performance of each scenario was attained to perform comparative analysis. A brief 

description of the employed XGBoost method is provided in the following section. 

 

Figure 5.9 Illustration of preprocessing process 

5.4.4 XGBoost Method  

The proposed model was tested with the XGBoost algorithm. XGBoost was proposed by 

Chen and Guestrin [214] as an integrated learning method based on gradient boosting, 
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which aims to achieve an accurate classification via calculations of weak classifiers 

iteratively [48]. Basically, two main concepts define the objective function of the 

XGBoost method: the training error and regularization [54]. Accordingly, the decision 

rules that find an optimum value for the objective function are searched in the XGBoost 

method using gradient descent optimization method [215]. The key idea of the method is 

to learn and improve based on the prediction error [206]. Therefore, base learners are 

formed according to the generated decision trees, which are trained to straighten the errors 

through parallelization attribute of the method [216]. This parallel computing decreases 

the time required for learning and exploring the model [214]. In addition, XGBoost adds 

a regularization term to the loss function to penalize the complication of the model while 

implementing several optimization tricks to reduce computational time for training [14]. 

By searching the complexity of the model, the regularization function also addresses the 

issue of overfitting [54]. 

5.4.5 Performance Evaluation Metrics  

This study evaluated the performances of each scenario using various metrics such as 

confusion matrix, precision, recall, and f1-score. Confusion matrix C is a square matrix 

of dimension N×N, where N indicates the number of classes. The higher the diagonal 

values of the C, the better the prediction power. On the other hand, off-diagonal values 

are those that are predicted incorrectly. From the confusion matrix, precision, recall, and 

f1-score of each class can be computed [66]. Therefore, confusion matrices calculated 

according to the predictions of XGBoost method in each scenario were captured for 

comparative analysis. Precision is a measure of how accurate the positive predictions are, 

while recall measures how many of the actual positive instances are identified by the 

model [4]. Precision and recall are calculated through Eqs. (5.3) and (5.4). 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝐶𝑖,𝑖

∑ 𝐶𝑗,𝑖
𝑁
𝑗=1

 (5.3) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝐶𝑖,𝑖

∑ 𝐶𝑖,𝑗
𝑁
𝑗=1

 
(5.4) 

where 𝐶𝑖,𝑗 of the matrix C is the number of observations known to be in class i while 

predicted to be in class j. Finally, the f1-score is calculated by combining precision and 

recall values (through harmonic average of them) as follows: 



101 

𝐹1 𝑠𝑐𝑜𝑟𝑒 =
2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 (5.5) 

5.5 Results 

5.5.1 Results of the Scenario-basis Preprocessing  

This study evaluated and compared the performances of 216 preprocessing scenarios that 

were subjected to the XGBoost method. The parameters of the XGBoost were identified 

based on the trial-error approach, and the learning rate, number of trees, and minimum 

child weights were determined as 0.1, 90, and 1, respectively. Each preprocessing trial is 

evaluated with the same parameters to make the comparisons fair. Table 5.6 shows the 

scenarios which achieved the highest prediction accuracies with respect to precision, 

recall, and f1-score values, along with the first and last three scenarios to enable the 

interpretation of the process. The table also provides an insight into the scenario scopes 

to describe the automated scenario development process better. Analysis results show that 

the best scenarios were identified as 222321 and 313132, regarding precision (0.7854) 

and recall values (0.5447), respectively (Table 5.6). On the other hand, the scenario 

labelled as 212322, which was the 106th trial, achieved the highest f1-score by 0.6092. 

Since f1-score provides an overall assessment scheme especially when the class 

imbalance issue exists, the following preprocessing techniques are proposed for future 

studies predicting the outcomes of occupational accidents (scenario ID: 212322; trial ID: 

106): i) Including categorical missing data as “other”, and numerical missing data as the 

mean of the feature (MDH: 2); ii) Not considering binning (DBIN: 1); iii) Neither 

implementing outlier treatment nor removing them from the data (OUTH: 2); iv) 

Considering Min-Max scaler as a data scaling (DSCL: 3); v) Adopting one-hot encoding 

for all the categorical features (DENC: 2); and vi) Resampling the data with ROS 

algorithm (DRSM: 2). Confusion matrices of the best scenarios (according to f1-score, 

precision, and recall) are also illustrated in Figure 5.10. The findings show that temporary 

incapacity (212322: 61.42%; 222312: 62.25%; 313132: 62.61%) and first aid cases 

(212322: 52.24%; 222312: 50.91%; 313132: 52.43%) were predicted by the best 

performing scenarios at higher accuracies compared to other and more severe output 

labels. 
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Table 5.6 Performances of first, best and last scenarios 

Trial 

ID 

Scenario 

ID 

Scenario 

description 
Scenario scope Precision Recall 

F1-

score 
Support 

1 111111 Fist scenario 

MDH: Include categorical 

missing data as other, 

numerical data as median 

DBIN: Do not consider 

binning 

OUTH: Remove outliers 

DSCL: Do not consider 

data scaling 

DENC: Consider label 

encoding 

DRSM: Resample data with 

RUS 

0.7365 0.4691 0.5423 75,282 

2 111112 
Second 

scenario 

MDH: Include categorical 

missing data as other, 

numerical data as median 

DBIN: Do not consider 

binning 

OUTH: Remove outliers 

DSCL: Do not consider 

data scaling 

DENC: Consider label 

encoding 

DRSM: Resample data with 

ROS 

0.7550 0.5064 0.5689 75,282 

3 111121 
Third 

scenario 

MDH: Include categorical 

missing data as other, 

numerical data as median 

DBIN: Do not consider 

binning 

OUTH: Remove outliers 

DSCL: Do not consider 

data scaling 

DENC: Consider one-hot 

encoding 

DRSM: Resample data with 

RUS 

0.6894 0.4484 0.5243 75,282 

106 212322 

Best 

scenario (f1-

score) 

MDH: Include categorical 

missing data as other, 

numerical data as mean 

DBIN: Do not consider 

binning 

OUTH: Consider outliers 

DSCL: Consider min-max 

scaler 

DENC: Consider one-hot 

encoding 

DRSM: Resample data with 

ROS 

0.7778 0.5413 0.6092 116,673 
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Table 5.6 Performances of first, best and last scenarios (continued) 

Trial 

ID 

Scenario 

ID 

Scenario 

description 
Scenario scope Precision Recall 

F1-

score 
Support 

140 222312 

Best 

scenario 

(precision) 

MDH: Include categorical 

missing data as other, 

numerical data as mean 

DBIN: Consider binning 

OUTH: Consider outliers 

DSCL: Consider min-max 

scaler 

DENC: Consider label 

encoding 

DRSM: Resample data with 

ROS 

0.7854 0.5333 0.6032 116,673 

186 313132 

Best 

scenario  

(recall) 

MDH: Remove rows 

including missing values 

DBIN: Do not consider 

binning 

OUTH: Change outliers 

with lower and upper limits 

DSCL: Do not consider 

data scaling 

DENC: Consider one-hot 

encoding for only nominal 

features 

DRSM: Resample data with 

ROS 

0.7677 0.5447 0.6080 70,949 

214 322322 
Last third 

scenario 

MDH: Remove rows 

including missing values 

DBIN: Consider binning 

OUTH: Consider outliers 

DSCL: Consider min-max 

scaler 

DENC: Consider one-hot 

encoding 

DRSM: Resample data with 

ROS 

0.6955 0.4879 0.5614 70,949 

215 322331 
Last second 

scenario  

MDH: Remove rows 

including missing values 

DBIN: Consider binning 

OUTH: Consider outliers 

DSCL: Consider min-max 

scaler 

DENC: Consider one-hot 

encoding for only nominal 

features 

DRSM: Resample data with 

RUS 

0.7526 0.4969 0.5748 70,949 

216 322332 
Last 

scenario 

MDH: Remove rows 

including missing values 

DBIN: Consider binning 

OUTH: Consider outliers 

DSCL: Consider min-max 

scaler 

DENC: Consider one-hot 

encoding for only nominal 

features 

DRSM: Resample data with 

ROS 

0.7679 0.5368 0.6043 70,949 
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Figure 5.10 Confusion matrices of best scenarios 

Figure 5.11 provides the prediction performance of 216 scenarios regarding f1-score 

(Figure 5.11a), precision (Figure 5.11b), and recall values (Figure 5.11c) to probe into the 

details of prediction performances. The results demonstrate that the scenario 212322 (trial 

ID: 106) yielded considerably higher f1-score compared to other scenarios, particularly 

if outliers were removed (c = 1) or the dataset was resampled with RUS algorithm (f = 1) 

(Figure 5.11a). Similarly, regarding recall values of 216 scenarios, not removing outliers 

(c = 2, 3) and resampling with ROS (f = 2) achieved higher accuracies (Figure 5.11c). On 

the other hand, there was not clear difference observed between precision values of the 

scenarios according to the adopted resampling strategy (Figure 5.10b). However, apart 

from removing outliers (c = 1), applying one-hot encoding for nominal and ordinal 

variables (e = 2) reduced the precision values considerably (Figure 5.10b). 
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Figure 5.11 Performances of preprocessing scenarios in terms of (a) f1-score, (b) 

precision, (c) recall 

Project managers and safety professionals may sometimes need foreseeing severe 

accidents, rather than predicting the severity level of accidents more accurately to gain an 

overall perspective in projects. To fulfill this need, the scenarios that led to the highest 
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recall values for each output label separately were searched as illustrated in Figure 5.12. 

These scenarios represent how many of the positive samples are classified as positive 

based on each severity level. The results show that the scenarios such as 313222, 311332, 

313221, and 312211 achieved the highest individual recall values for classifying first aid, 

temporary incapacity, permanent incapacity, and fatality instances, respectively. Among 

them, temporary incapacity cases were predicted with higher recall value (64.86%) 

compared to other labels (311332; Figure 5.12b), similar to the best performances of the 

overall assessment schemes such as f1-score, precision, and recall values (Figure 5.10). 

The best scenario (312211) that predicted the most significant output label (fatality) 

classified 54.97% of the instances correctly (Figure 5.12d), while 54.78% of the first aid 

cases were classified correctly by the best scenario of the corresponding label (313222; 

Figure 5.12a). On the other hand, the best scenario (313221) that predicted permanent 

incapacity labels classified only 41.86% of the instances correctly (Figure 5.12c). The 

results show that high-severe accidents (permanent incapacity: 313221 and fatality: 

312211) can be predicted with higher recall values when removing rows with missing 

values (MDH:3), not applying binning (DBIN:1), scaling the data with standard scaler 

(DSCL:2), and resampling the data with RUS (DRSM:1) (bolded values). In addition, 

capping outliers to lower and upper limits (OUTH:3) and applying one-hot encoding for 

categorical features (DENC:2) were the best synthesis to predict permanently disabled 

cases correctly (not bolded values). On the contrary, it was not treating outliers (OUTH:2) 

and applying label encoding (DENC:1) for detecting fatality cases (not bolded values). 
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Figure 5.12 Confusion matrices of the best recall scenarios based on output labels 

Box plot analysis regarding the recall values of 216 scenarios was performed based on 

severity levels to observe which classes were predicted more accurately by considering 

all the prediction models (Figure 5.13). The findings show that the proposed XGBoost 

models predicted cases in the temporary incapacity class better than other classes as the 

median line of the temporary incapacity was higher than the upper bounds of the other 

three classes. The range between the upper and lower bounds in fatality estimations was 

the greatest (0.2701-0.5467). In this context, the weakest two performances were 

observed through scenarios 311322 (0.2701) and 311122 (0.2781) to predict fatality 

cases. Since the best scenario for the fatality was 312211, particular attention needs to be 

given to OUTH, DSCL, and DRSM (bold values). Specifically, the ROS algorithm did 

not work well for detecting fatality instances, especially when the outliers were removed, 

and the dataset was not scaled with Standard scaler. Hence, practitioners and researchers 

are suggested to give more attention to the outlier handling, data scaling, and data 

resampling to predict fatality cases more accurately. 
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Figure 5.13 Boxplot of labels based on recall values 

5.5.2 Results of Feature Importance  

In order to explain features that are most influential to the severity prediction, 

identification of feature importance is required from the fitted models. The literature 

suggests the permutation importance technique, particularly in the case of high data 

dimensionality [217], [218]. Figure 5.14 shows the importance of the features computed 

based on permutation importance. To examine the importance of the features regarding 

the particular severity levels, four permutation importance values were calculated based 

on four scenarios, which were the most powerful scenarios for detecting each severity 

level separately (Figure 5.12). The results show that year of the accident was the most 

influential feature considering first aid cases, temporary incapacity, and fatality, while it 

was cause material to detect permanent incapacity instances. Overall, the year of the 

accident, cause material, age of the worker, and the number of past accidents in the 

company were identified as the top five features concerning any severity levels. In 

addition, the working days of the worker was the fourth most influential feature for 

predicting temporary incapacity instances, whereas the daily wage was found to be the 

fifth, fourth and fifth features for predicting first aid cases, permanent incapacity, and 

fatality, respectively. 
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Figure 5.14 Permutation importance of features 

5.6 Discussion 

5.6.1 Assessment of the Adopted Methodology  

The major contribution of this study to the theory is the validation of the automated 

preprocessing + XGBoost pipeline to predict accident severity using a national dataset. 

Existing literature on construction safety management that uses accident databases, 

proposes scenario-basis solutions, or develops a robust safety management plan mostly 

focuses on different approaches rather than predicting accident outcomes proactively 

[22], [202], [203], [219], [220]. Regarding ML applications, the effects of different 

combinations of preprocessing techniques on the prediction accuracy have not been 

investigated thoroughly yet. The findings reported in this study provided insight to data 

preparation before ML implementation by identifying the most effective preprocessing 

techniques for future projections. The results can be further used by construction 

companies to detect high severe accidents proactively, as part of continuous 

improvement, which might be enhanced through operational benchmarking as 

highlighted by Love et al. [203]. 
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The scenario 212322 was found as the most powerful preprocessing combination to detect 

severity of construction accidents in this study. Several reasons support the proposed 

preprocessing scheme. One of them is highlighting “the value of each piece of 

information”. Careful investigation of the scenario (212322) showed that all the 

considered methods of the six preprocessing steps signified the captured information. 

Removing missing values [221], splitting the numerical values into discrete intervals 

[222], extracting outliers [223], not applying data scaling [197], adopting label encoding 

[83], and removing instances of majority classes by RUS algorithm [224] could cause 

some information loss. Even though there are missing values regarding some features, 

considering categorical missing values as “other” and numerical missing values as the 

mean of the corresponding feature could minimize the information loss with respect to 

other features. Many cases that include at least one missing value in the dataset could be 

related to the quality of the data. Still, other parts of these instances might be helpful for 

the model to predict the severity level of construction accidents. In addition, contrary to 

the view of categorizing some numerical features regarding DBIN [15], [206], this 

process could also worsen the quality of the data. Considering DSCL, not applying data 

scaling is not a common approach because of its manifesting effects on the quality of the 

captured information. Despite there is no shared view in the literature about whether the 

Standard scaler or Min-Max scaler provides higher data representation [195], Min-Max 

scaler provided higher prediction performance in terms of f1-score in this study. It is also 

recognized that label encoding could lead to information loss, particularly for nominal 

features, which cannot be represented orderly. In a similar vein, applying one-hot 

encoding to the ordinal features was found to be beneficial to improve prediction 

accuracies. Finally, ROS was found more appropriate method than RUS, probably due to 

the quality of the lost information and the severity of the class imbalance issue of the 

dataset. 

According to the analysis results, the power of the prediction model was lower regarding 

permanent incapacity compared to other classes (Figure 5.13). It was observed that the 

prediction model mislabeled some of the permanent incapacity cases as temporary 

incapacity. In some scenarios, the rate of predicting temporary incapacity was even higher 

than the rate of predicting permanent incapacity, when permanent incapacity was the true 

class (such as Figure 5.12b). Despite the recall values of the permanent incapacity class 

were higher than temporary incapacity (regarding true permanent incapacity cases) in 
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most scenarios, unignorable misclassifications could easily be observed (such as 

scenarios depicted in Figure 5.10). The reason can be related to the fact that most 

permanent incapacity cases had been temporary incapacity before medical reports 

ensuring their permanent incapacity conditions [193]. Thus, it can be commented that the 

specific demographics or conditions attributed to the permanent incapacity can also be 

attributed to the temporary incapacity. 

It is another significant finding that despite ROS was the most effective resampling 

strategy for overall performance (Table 5.6, Figure 5.11) and able to detect first aid 

(Figure 5.12a) and temporary incapacity cases (Figure 5.12b); RUS was better than ROS 

for detecting permanent incapacity (Figure 5.12c) and fatality cases (Figure 5.12d). The 

information lost during under-sampling could be associated with the majority classes 

(first aid and temporary incapacity), which did not affect predicting minority classes 

negatively [110]. Therefore, it is also sufficient to consider the RUS algorithm to predict 

minority classes more accurately, which also reduces the computational time. However, 

it should also be noted that the RUS algorithm may not always be the best choice if the 

dataset is not large enough, as this method is usually recommended for large datasets [95]. 

Besides, removing cases with missing values was the most effective MDH option for 

detecting single classes with higher recall values without considering the performances 

in other classes (Figure 5.12; a = 3 for each scenario). Hence, it can be deduced that 

information lost by removing cases with missing data did not affect classifying single 

classes, while it was ineffective regarding overall performance. In addition, not dividing 

the values in the numerical features into discrete bins is recommended, since most of the 

scenarios that performed best regarding several evaluation approaches did not consider 

data binning (Figure 5.10, Figure 5.12; b = 1 for each scenario except Figure 5.10b). 

Similarly, data scaling (either with Standard scaler or Min-Max scaler) is particularly 

needed to avoid information loss. Even though the combination of “considering outliers” 

and “applying Standard scaler” performed well in detecting fatality instances, this might 

also lead to erroneous scaling and information loss according to the characteristics of the 

data [197]. Since the change in the quality and characteristics of data can also change the 

best performing scenarios, the proposed automated preprocessing model, rather than the 

best performing scenario, can be beneficial to the interested scholars in the field. 
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5.6.2 Assessment of the Influential Factors  

The results of permutation importance show both similarities and differences by 

comparing the accident outcome prediction studies in the literature. Similar to this study, 

Choi et al. [15] also found age and working days of the worker as among the most 

influential factors, and construction type and gender as the least important features 

according to the RF feature importance. As shown in Table 5.2 and highlighted in the 

literature [32], [225], most accidents leading to severe outcomes were experienced by 

older workers (such as 40-50 or older). In parallel, Leung et al. [226] noticed that 

construction workers who were over 40 perceived safety training as “an extra and 

unnecessary work-load”. It should be noted that the workforce in the construction 

industry is becoming increasingly older in many countries [227], which necessitates 

predictive models to save the lives of construction workers. 

Contrary to this study, Choi et al. [15] identified the month and number of workers in the 

company as the two most significant attributes. These attributes have also affected the 

predictions of this study to a varying extent (Figure 5.14). However, other factors such as 

the cause material, year, number of past accidents in the company, and the daily wage 

outweighed these two attributes. There is an unignorable proportion of severe accidents 

that can be associated with non-compliance with safety regulations, lack of awareness, 

and imprudence [225]. By considering recent improvements in safety regulations and 

training programs in the construction industry, accidents that occurred recently (and 

probably in the future) are less likely to cause permanent incapacity and fatality compared 

to past accidents. 

High impact of the “cause material” on the prediction can be explained by that some 

materials/equipment can particularly be associated with high-severe accidents. Similar to 

the analyzed dataset and the result of this study, Baker et al. [66] also found that high 

energy attributes (such as machinery and powered tool) were more influential to the high-

severe accidents, while low-energy attributes (such as nail and small particles) were 

mainly associated with low-severe accidents. The dataset shows that construction 

machines, ladders, scaffolds, explosive or flammable materials, and power systems are 

the most dangerous material/equipment leading to severe accidents (Figure 5.3). 

Villanueva and Garcia [228] highlighted that most fatal accidents occurred with the 

involvement of transportation, elevation, scaffold, ladder, engines, and power generators. 

It was also addressed that the vast majority of struck-by-fatalities were accounted for 
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heavy equipment in the U.S. [229]. Hence, workers who use or are exposed to materials 

that can be associated with high energy should be carefully monitored in terms of safety 

measures to minimize severe accidents. 

Daily wage was another influential factor on accident severity prediction. Similar to this 

study, Liao and Perng [230] found that the salary of the worker was among the most 

associated factors with fatal injuries. It can be stated that daily wages of the manual 

workers are lower compared to skilled and semi-skilled workers, and Villanueva and 

Garcia [228] showed that manual workers are more likely to experience fatal accidents. 

Therefore, safety training of workers with lower daily wages should be considered more 

diligently to raise their safety perceptions. Finally, as a unique attribute used in this study, 

the number of past accidents in the company was among the most determinant features. 

It was determined to be more significant feature for severe accident predictions compared 

to others (Figure 5.14). As also supported by the utilized dataset (Table 5.2), the higher 

the accident experience of the company, the less likely the workers to experience high-

severe accidents in that company. The reason for this might be linked to the concept of 

lessons learned [231]. Therefore, it is of vital importance for newly established companies 

and companies with lower number of past accidents to invest more on the safety 

management practices in order to reduce the number of severe accidents. 

5.6.3 Practical Use of the Research  

To probe into the potential use of the study in construction sites, a proactive safety 

management framework was proposed (Figure 5.15). Typically, a worker provides the 

required information at the beginning of the work (such as age, gender, daily wage). This 

information can be captured automatically by the time a worker enters the construction 

site. Since cause material was determined as one of the most significant features, the 

worker can be asked to provide potential materials that the worker might use (or be 

exposed to) throughout the day (with tick marks). After controlling the information taken 

from workers, date, and database (regarding company-related features), instances that are 

aimed to be predicted can be developed. Considering that Ni is the number of cause 

material ticked by worker i, Ti is the work-hour time for worker i, and there are K number 

of workers entering the construction site, then there would be N1×T1+ N2×T2+…+N(K-

1)×T(K-1)+NK×TK = NTrial instances in the testing set to run the model daily. The training 

set, which is built based on historical data and actual cases, can be preprocessed with the 

proposed scenarios in this study. Accordingly, the workers who are predicted to 
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experience high-severe accidents in a specific condition (i.e., time or cause material) can 

be listed for site supervisors as a warning. This process can be performed every morning 

before the beginning of the morning shift to develop a dynamic and sustainable model. 

The outcomes of the instances regarding the previous day can also be stored in the 

database to contribute to the improvement of future predictions. By adopting this process, 

the worker and accident data can be collected dynamically, providing a proactive means 

to detect potential future accidents, some of which might be prevented. 

 

Figure 5.15 Example of a practical use of the research 
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5.7 Conclusion 

This study produced a novel automated preprocessing model that compares the results of 

different combinations of several preprocessing steps to be used as a foundation for 

predicting accident severity levels in the construction industry. The applicability of the 

proposed model was validated by the XGBoost method, based on the data of 388,907 

construction accident victims. A framework (Figure 5.15) was developed as a guide for 

the project and safety managers to adopt the proposed approach in construction sites and 

detect potential high-severe accident instances. Proposed framework can be used daily to 

specify the most risky conditions and workers based on time, material, company, and 

worker characteristics. The obtained results can contribute to the development of 

strategies in the prevention of severe accidents. Other major findings and corresponding 

contributions of this study can be summarized as follows: 

• Analysis findings indicate that even a small piece of information can be critical in 

prediction models. Therefore, construction companies should record cases (as 

well as their descriptors) as much as possible to put them in use for predicting the 

potential accident outcomes. 

• The findings showed that the highest prediction rate was 0.6092 in terms of f1-

score attained by the scenario 212322. Therefore, (i) including categorical missing 

data as “other”, and numerical missing data as the mean of the feature, (ii) not 

considering data binning, (iii) not considering outlier handling, (iv) applying Min-

Max-Scaler as a data scaling, (v) using one-hot encoding for all the categorical 

features, and (vi) resampling the dataset with ROS algorithm are suggested to the 

researchers for future predictions as these are determined as the most powerful 

preprocessing techniques. 

• It was found that removing outliers and resampling the dataset with the RUS 

algorithm decreased the f1-score, precision and recall values of the prediction 

models. However, it is important to note that the permanent incapacity and fatality 

cases were classified with higher accuracies through the RUS algorithm. 

Therefore, the RUS algorithm can also be a proper resampling option for 

companies and/or datasets with higher fatality and permanent incapacity rates. 

• Results of permutation importance addressed that the year of the accident, cause 

material, age of the worker, number of past accidents in the company, working 

days of the worker, and daily wage were the most influential attributes. These 
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findings may suggest the OHS managers to focus not only on the characteristics 

of the workers, but also on the job of the workers, the materials they usually use 

or exposed to, and accident history of companies when employing safety 

measures. 

This study presents some limitations that can be considered in future studies. None of the 

specific preprocessing techniques was unanimously the best regarding all classes and 

evaluation metrics. Therefore, an ensemble approach, which includes the training results 

of several preprocessing techniques independently, might be beneficial to improve 

prediction accuracy. Other features can also be included in the prediction models to define 

the working environment of workers more precisely. For instance, unsafe conditions and 

the use of personal protection equipment are regarded as one of the main causes of 

construction accidents. Thus, although many of the existing studies (including this study) 

rely on the dataset captured from several institutions, it would add significant value to the 

theory and practice to incorporate new and descriptor features. Furthermore, this study 

focused on the occurred construction accidents and disregarded some incidents such as 

non-accident cases or near misses. However, inclusion of some instances that do not lead 

to construction accidents would contribute a lot to the theory and practice, despite the 

collection of such data requires further efforts given by construction companies. From the 

methodological point of view, this study evaluated the XGBoost algorithm as a tree-based 

ML method. Exploring the applicability of deep learning algorithms or other ML methods 

such as RF, ANN, and SVM in the proposed automated preprocessing model might help 

to show the method that works well with which preprocessing scenario. Finally, even 

though six preprocessing steps were assessed with some particular methods in each of 

them, there are some other preprocessing or feature engineering methods that can improve 

the proposed model. Therefore, this study can be extended by implementing other 

preprocessing steps such as feature selection and dimension reduction methods, not only 

to increase the model accuracies, but also minimize computational burden. Parameter 

optimization methods, such as particle swarm algorithm or genetic algorithm, can also be 

implemented in the model to identify the effects of different parameters of the ML 

methods on the prediction accuracy regarding developed preprocessing scenarios. 

The extension and improvement of the proposed methodology can contribute a lot to the 

theory and practice, which could provide confidence to the researchers and practitioners 

to build a proper foundation for prediction models. The construction safety and research 
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communities in other fields would also benefit from this research to increase the 

accuracies of the prediction models in different domains. Living in the era of data, the 

importance of each piece of information cannot be ignored, regardless of its quality. 

Therefore, the study is also expected to aid governmental authorities and construction 

companies in recognizing the significance of safety information more extensively. In this 

way, lessons can be learned effectively instead of being forgotten, as a remedy to 

occupational accidents.
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6                                                                                   

PREDICTION OF CONSTRUCTION ACCIDENT 

OUTCOMES BASED ON IMBALANCED 

DATASET THROUGH INTEGRATED 

RESAMPLING TECHNIQUES AND MACHINE 

LEARNING METHODS 

 

This chapter was published in Engineering, Construction and Architectural Management 

as a research article.  

6.1 Introduction 

The construction industry is one of the most unsafe industries with a massive number of 

injuries and fatalities globally [232]. Huge damage to the well-being of workers, 

profitability and reputation of companies are some of the primary adverse consequences 

of construction accidents, which have been an everlasting issue under the consideration 

of policy makers over decades [233], [234]. The construction industry accounts for high 

percentages of all workplace fatalities across the world such as 22% in Ontario, Canada 

[235], 30% in Korea [2], 32% in Japan [236], and 40% in the United Kingdom [237]. 

These rates can become more serious for some countries with respect to workforce rate 

in the industry. For instance, the rate of employment in the construction industry accounts 

for 5% in the United States, however, 20% of the fatal occupational accidents occurred 

between 2003 and 2013, highlighting that the industry requires particular attention [238]. 

Similarly, accidents accounted for nearly 32% in 2019 [21] in Turkey, while the rate of 

employment was 5.6% in the construction industry [128]. With these facts, a growing 

interest in safety management practices has been given by scholars, employers, and policy 

makers for better construction safety management [235], [239]. 

Unfavorable image of the industry regarding the safety performance brings attention to 

the early diagnosis of construction accident outcomes in recent studies. Niu et al. [238] 

point out that the predictive approach is a promising research direction to improve 

construction safety performance within the context of smarter construction facilities. In 

this respect, past construction accident records can present a valuable foundation for the 

development of ML models, which can support the prevention of future accidents [4]. 
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Data collection for providing a basis to predict occupational accidents is important to 

attain accurate results (Ayhan & Tokdemir, 2019a). Therefore, several researchers 

proposed different prediction/classification models based on the historical data collected 

from various institutions or companies [2], [8], [14], [240], [241]. However, a dataset 

consisting of fatal and non-fatal construction accidents can be severely imbalanced [2], 

[242]. Imbalance class occurs when the number of instances of one category is much 

higher than other categories, such that predictions under these conditions become biased 

toward the majority class [106]. In a construction accident dataset, when the number of 

non-fatal accidents is significantly more prevalent than the fatal accidents, the prediction 

rate may yield higher accuracies, compromising the accurate prediction of single minority 

class. Since most of the ML algorithms are based on the assumption of a balanced dataset, 

performing the pre-processing techniques to achieve balance in class distribution is 

essential to acquire accurate predictions of construction accident outcomes [2]. 

Safety management literature addresses the scarcity of research on the application of ML 

algorithms for predicting construction accident outcomes. Pertinent literature shows that 

the studies on construction safety are limited, particularly in developing countries (Zhou 

et al., 2015). Therefore, Turkey, as a developing country, can be a valuable case for the 

analysis of construction accident outcomes with a huge number of available accident data. 

A dataset consisting of 395,777 construction accidents (2011-October 2020) acquired 

from the Republic of Turkey, Social Security Institution (SSI) showed that nearly 31% of 

all nation-wide construction accidents took place in Istanbul, which is the most populated 

industrial, economical, and cultural center of Turkey (Ekmekcioğlu et al., 2020). Huge 

construction projects including several industrial and residential developments took place 

in Istanbul over the last two decades [244], [245], which brought a significant amount of 

employment opportunities to thousands of workers. As a result, 121,002 construction 

accidents were recorded in the city (120,277 non-fatal and 725 fatal) between 2011 and 

2020. 

A thorough literature survey reveals that there is a gap in accident predictions using an 

imbalanced dataset through integrated resampling techniques and ML methods in the 

construction safety domain. Construction accident databases [2] or performance 

comparison of resampling techniques in other domains [246], [247] have been studied 

separately in the literature. However, the impact of resampling methods on the 

performance of prediction models developed with construction accident datasets has not 
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been explored adequately. Therefore, the aim of this study is to develop a robust 

prediction model for occupational accident outcome classification in the construction 

industry suitable for an imbalanced dataset. The constructive and unique approach of this 

study is related to dealing with the imbalanced dataset (RAW) of construction accidents 

by comparing the performances of artificial neural networks (ANN), naïve bayes (NB), 

K-nearest neighbor (KNN), and random forest (RF) algorithms, which are integrated with 

three different preprocessing techniques; random under-sampling (RUS), random over-

sampling (ROS), and synthetic minority over-sampling technique (SMOTE). 

The study also highlights a city-basis investigation, which analyzes 121,002 construction 

accidents occurred in Istanbul. Past predictive studies on construction safety mainly rely 

on accident-basis [9], [113], project type-basis [240], company-basis [8], or country-basis 

[2], [11] implementations. However, metropolitan cities such as Istanbul have their own 

sector dynamics with the number and variety of projects. More than 20% of new buildings 

are constructed in Istanbul in Turkey every year [248] and 22.9% of the total number of 

safety professionals registered across the country work in the city based on the records of 

the Ministry of Labor and Social Security [249]. In addition, the majority of the mega 

projects (i.e., Istanbul Airport and Eurasia Tunnel projects) were completed in Istanbul 

intensifying construction works [250]. Such mega projects and major investments 

contribute significantly to the know-how transfer of effective safety management 

practices to the construction sector. Overall, this study is expected to contribute to 

proactive construction safety management even with the existence of an imbalanced 

construction accident outcome dataset. The proposed utilization plan can be used 

periodically (i.e., monthly) in construction sites to detect workers who are susceptible to 

fatal accidents. Hence, this study can provide a useful decision-making input for safety 

professionals to develop effective occupational health and safety (OHS) strategies. 

6.2 Background 

6.2.1 Accidents and Safety Issues in Construction Sites 

Stemming from the dynamic and complex environment, dangerous working conditions, 

and several stress sources mostly related to time and cost constraints [251], [252], safety 

of workers is one of the major challenges in construction projects globally [2]. Hazardous 

situations due to insufficient measures and lack of knowledge/awareness of workers are 

important reasons for occupational accidents on construction sites [232]. Goh et al. [253] 
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reported significant impacts of intention and social norms on the unsafe behaviors of 

construction workers. Mohandes et al. [254] found that inappropriate safety guidelines, 

insufficient safety management system, lack of safety culture, poor safety 

knowledge/awareness, financial instability of firms, and corruptions as the underlying 

causal factors in the occurrence of accidents. Many researchers also addressed the role of 

time-related features such as time of the accident, month, day of the week etc. in accident 

occurrence or severity [2], [8], [199], [240]. Therefore, several safety issues in 

construction sites that can be associated with company-related, worker-related, project-

related, and time-related factors not only cause occupational accidents but also elevate 

their severity levels. Particularly accident types such as falling from height, collision by 

objects, rollover, and falling objects occur frequently [11], causing severe results such as 

loss of lives and adversity in projects. 

National occupational accident databases have been frequently used recently in the 

literature, mostly to highlight leading indicators of occupational accidents. For instance, 

Cheng et al. [255] analyzed the occupational accidents at small construction firms in 

Taiwan and reported that particular conditions or situations require significant attention 

to minimize occupational accidents such as (i) workers’ first days, (ii) health and safety 

management system of companies, (iii) provision of necessary personal protection 

equipments (PPEs), (iv) adequate use of PPEs, and (v) perception of workers about hazard 

warnings. Shao et al. [27] examined accidents in building construction projects in China 

and addressed that more fatal accidents are observed in summer, on Monday, and during 

10 am-11 am and 3 pm-4 pm. They also stated that the majority of fatal accidents are 

caused by falling from height and collapse/hoisting damages. Winge and Albrechtsen 

[256] found that falling, floor/platform, falling object, and contact with moving parts of 

a machine were the most frequently faced accident types in Norway. 

Improvements have been made in Turkey over the last decades with the establishment of 

new standards and rules. However, occupational accidents rates are still considerably 

high, mostly due to the lack of enforcement, which led the industry facing many setbacks 

to perform adequate mitigation measures [199], [232]. According to the International 

Labor Organization [20], Turkey is the 9th most unsafe country in terms of fatality rates. 

A considerable portion of these accidents occurred in small and medium-sized residential 

projects [22] and Olcay et al. [25] reported that falling from height accounted for the vast 

majority of the fatal accidents in the country. Baradan et al. [257] underlined the 
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significant (i.e., negatively) relationship between the human development index and 

safety consciousness in the construction sector across 23 countries. They also found that 

Turkey ranked at the bottom in terms of the human development index with the highest 

fatality rate. Therefore, accident outcome prediction is of vital importance for the country. 

Detection of cases/workers, which have a high probability to experience fatal accidents 

can be effective in the employment of the very much needed mitigation measures. 

6.2.2 Machine Learning in Construction Safety Literature 

Recent improvements in ML algorithms encourage researchers to explore the 

applicability of artificial intelligence techniques in the construction safety management 

domain. Safety management processes can be improved through the investigation of 

construction accident outcomes using ML methods. Predicting accident outcomes could 

make major contributions in reducing the number of severe accidents. Therefore, 

researchers recently have been focusing on ML applications to predict accident-related 

outcomes. For instance, Yang et al. [9] developed an ML model for near-miss fall 

detection among ironworkers by using one-class support vector machine (SVM). Based 

on a worker’s kinematic data, near miss fall experiments were performed in the laboratory 

and outdoor, which predicted the outcomes (i.e., near miss or normal walk) with 86.8 and 

85.2% accuracies, respectively. Ray and Teizer [258] generated visibility maps to 

measure blind spots using the RF algorithm dynamically based on construction equipment 

operators’ perspectives. By using range images and point cloud data for measuring, they 

showed the applicability of the proposed methodology as an intelligent alert system for 

construction equipment operators. 

Tixier et al. [259] investigated unstructured injury reports and developed a natural 

language processing system to identify precursors and predict outcomes, which included 

energy source (chemical, motion, gravity, electricity, etc.), injury code (struck by an 

object, exposure to a harmful substance, etc.), and body part (head, neck, lower 

extremities, etc.), as well as injury severity (first aid, medical case, fatality, etc.). 

Alexander et al. [241] analyzed the precursors of fatalities in construction projects by 

principal component analysis and developed a regression model to predict construction 

accident outcomes such as successfully managed incidents, near-miss incidents, and 

fatal/disabling injuries based on the data consisting of 35 cases. Goh and Ubeynarayana 

[4] used SVM, logistic regression (LR), RF, KNN, decision tree (DT), and NB to classify 

the construction accident narratives into eleven labels indicating the reasons for accidents 



123 

such as the collapse of an object, traffic, falls, fires, exposure to extreme temperatures, 

etc. based on 1,000 construction accident narratives obtained from the U.S. Occupational 

Safety and Health Administration (OSHA). Ghodrati et al. [260] analyzed safety 

outcomes in the construction industry by means of the number of claims and entitlement 

claims. By implementing multiple regression analysis (MRA), they found more accurate 

results with models based on liable earning than the models generated using other 

attributes such as the number of employees. 

More recently, Kang and Ryu [11] used the RF algorithm for predicting the construction 

accident types in Korea, such as fall from height, collision by an object, rollover, and 

falling object. The analysis results showed that the RF model achieved an accuracy of 

71.3%, while assailing materials feature was determined to be the most important feature. 

Ayhan and Tokdemir [63] performed Delphi panels to collect construction accident data. 

Then, they performed multiple regression and ANN to predict construction incident 

outcomes by means of output elements such as at-risk behavior, near miss, partial failure, 

first aid, medical intervention, lost workday cases and fatalities. Choi et al. [2] proposed 

an ML predictive model based on national data to estimate construction accident 

outcomes (fatal or non-fatal) in Korea. They found that the RF method showed the best 

performance among several ML algorithms such as LR, DT and AdaBoost. Lee et al. [8] 

developed accident prediction models by using SVM and DT-based ensemble methods 

and analyzed the correlation between several variables affecting the construction accident 

outputs. The most influential variables were derived through several techniques such as 

clustering, chi-square, and Cramer’s V to classify the output elements such as injury, 

death, and property damage. Zhang et al. [10] examined a construction accident report 

dataset consisting of 1,863 instances to classify the construction accidents obtained from 

the OSHA. They employed several commonly used ML algorithms such as convolutional 

bidirectional long short-term memory (C-BiLSTM), SVM, NB, and LR. 

Despite a wide range of ML studies in the construction safety literature, their integrated 

applications with resampling strategies have not been investigated thoroughly. Coupling 

resampling strategies with ML methods for fatality prediction could contribute 

significantly to the improvement of safety conditions for construction workers by 

detecting the most undesired outcomes of accidents. The proposed approach can also 

guide practitioners and researchers about the type of the ML methods integrated with 

different resampling strategies, which can provide more robust predictions. 
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6.2.3 Class Imbalance in Construction Safety Literature 

In classification problems, if the number of instances in one category (such as non-fatal) 

is much higher compared to other categories (such as fatal), then an important challenge 

called imbalanced class distribution emerges [189]. Under this condition, the prediction 

can be biased in favor of the majority class, which results in unreasonable but high 

prediction accuracy. In this vein, predicting each instance as a majority class might result 

in high accuracies. However, predicting the minority class is usually preferred in real-life 

problems (for example, fatality prediction in the current case). In most cases, imbalanced 

data is prevalent in construction accident datasets. Therefore, a balance in the class 

distribution is essential as most of the ML methods are based on the assumption of 

balanced class distribution (Chen et al., 2021). In this context, different resampling 

strategies could provide varying prediction accuracies with their divergent advantages. 

A few researchers adopted some of the sampling strategies in construction safety studies, 

which drew attention to the class imbalance issue in construction accident outcome 

predictions. Ajayi et al. [240] adopted reweighting approach and added different penalty 

coefficients to training errors for the prediction of health and safety risk in power 

infrastructure projects. They assigned larger penalty coefficients for minority classes and 

smaller penalty coefficients for majority classes to deal with imbalanced data. Similarly, 

Baker et al. [242] used different weights inversely proportional to the frequencies of 

classes in the training set only to address the class imbalance issue before performing text 

mining to predict injury precursors from construction accident reports. Goh and 

Ubeynarayana [4] generated an SVM model by adopting One-vs-Rest (OVR) linear 

classifier to deal with the imbalanced frequency of different labels for construction 

accident classification. 

Zhang et al. [10] aimed to make all categories more balanced by manually employing 

over-sampling technique to perform a fair construction accident classification. Kang and 

Ryu [11] adopted the RUS strategy to deal with the class imbalance problem for 

predicting construction accident types. They reduced the size of the dataset consisting of 

construction accidents from 9,795 to 6,374 by removing classes of less than 10%. Choi 

et al. [2] addressed that RUS, ROS, and SMOTE are the most frequently adopted 

resampling techniques. Since RUS might deteriorate the negative class distribution and 

SMOTE could generate artificial positive objects through interpolation that would be 

more suitable for numerical features, they used ROS algorithm to deal with imbalanced 
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class distribution. Koc et al. [193] used RUS algorithm to predict the permanent disability 

of construction workers prior to applying tree-based ML methods. The comparison of 

past studies addressing the class imbalance issue is provided in Table 6.1. Accordingly, 

this study fills the gap in the construction safety literature regarding comparative analysis 

of resampling techniques integrated with different ML methods with respect to scenario 

basis evaluation. This will help researchers and practitioners select the most effective 

hybrid resampling-ML scenario in analyzing the occupational accidents. In addition, the 

comparison of resampling strategies with the non-resampled model has not been 

performed previously in the construction safety management literature. It is also 

important to note that no significant performance differences between these resampling 

strategies would be expected if the class imbalance had been moderate. However, in case 

of a large imbalance in the class distribution (which is 1 over 166 in this study), the 

performance could be affected significantly [2]. 

Other than safety literature in the construction industry, some researchers have compared 

the performance of different resampling strategies in other sectors. Chi et al. [109] used 

SMOTE, cluster-based over-sampling (COS), cluster-based under-sampling (CUS), and 

cluster-based SMOTE (CBS), benchmarking with the raw data (without resampling) to 

evaluate the seismic capability of school buildings. They found that the RF algorithm 

achieved the best performance with the COS technique. Sarkar et al. [189] adopted 

SMOTE, majority weighted minority oversampling technique (MW-MOTE), k-means 

SMOTE (KM-SMOTE), and border-line SMOTE (BL-SMOTE) as minority 

oversampling-based imbalanced data handling techniques, to balance the dataset of 

accidents that occurred in the steel industry and found that KMSMOTE had better 

performance. Peng et al. [92] compared the performances of RUS, case control under-

sampling (CCUS), ROS, and SMOTE in predicting real-time traffic crash risk, and found 

that coupling RUS algorithm integrated with Adaptive Boosting (AdaBoost) showed the 

best performance. Ghorbani and Ghousi [247] compared several resampling methods 

such as borderline SMOTE, SMOTE, SMOTE-Edited Nearest Neighbors (SMOTE-

ENN), SVM-SMOTE, and SMOTE-Tomek, all integrated with ML methods such as 

KNN, ANN, XGBoost, SVM, DT, LR and NB for performance prediction of students. 

They found that the RF method yielded the highest accuracy if integrated with SVM-

SMOTE resampling algorithm. Similarly, Iqbal et al. [246] examined the usability of 

several resampling techniques (RUS, ROS, and SMOTE) in software defect 
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classification. With experiments performed on 12 datasets, the researchers found ROS 

showing higher prediction performance. 

Table 6.1 Studies addressing class imbalance issue in construction safety literature 

Reference 

Country 

of data 

source 

Size of 

the 

dataset 

Rate of 

majority 

class over 

minority 

class 

Re-

sampling 

approach 

Employed 

ML 

methods Aim of the study 

Goh and 

Ubeynar-

ayana [4] 

United 

States 
1,000 14 

One-vs-Rest 

(OVR) 

linear 

classifier  

SVM, LR, 

RF, KNN, 

DT, NB 

Examining the 

effects of text 

mining techniques in 

accident report 

classification 

Kang and 

Ryu [11] 
Korea 9,795 3 RUS RF 

Developing accident 

type prediction 

model to prevent 

occupational injuries 

Ajayi et 

al. [240] 

United 

Kingdom 
17,972 N/A 

Re-

weighting 

approach, 

added 

different 

penalty 

coefficients 

to training 

errors  

DNN, 

GBM 

Developing a deep 

neural network 

model for help and 

safety risk prediction 

Choi et al. 

[2] 
Korea 140,169 48 ROS 

RF, 

AdaBoost, 

DT, LR 

Developing a 

national prediction 

model to present the 

risk of fatality 

*Baker et 

al. [242] 

Different 

countries 

69,596; 

10,299; 

14,616; 

17447 

3.4; 2.5; 

2.5; 5.7 

Weights 

inversely 

proportional 

to the 

frequencies 

of classes  

CNN, 

HAN, TF-

IDF, SVM 

Comparing 

performances of 

several approaches 

to automatically 

learn injury 

precursors from test 

Zhang et 

al. [10] 

United 

States 
1,000 N/A 

Manually 

employing 

over-

sampling 

technique 

C-

BiLSTM, 

SVM, NB, 

LR, CNN, 

LSTM, 

BiLSTM, 

C-LSTM 

Classifying accident 

reports to understand 

and prevent 

occurrence of 

occupational 

accidents 

Koc et al. 

[193] 
Turkey 47,938 44 RUS 

RF, 

XGBoost, 

AdaBoost, 

Extra trees 

Integrating feature 

engineering, genetic 

algorithm and tree-

based methods for 

permanent disability 

prediction 

This study Turkey 121,002 166 

RAW, RUS, 

ROS, 

SMOTE 

comparative 

analysis 

RF, NB, 

ANN, 

KNN 

Examining the 

effects of resampling 

techniques in 

accident outcome 

prediction (fatal and 

non-fatal) 
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Sarkar and Maiti [106] conducted a literature review and science mapping on ML 

applications for occupational accidents and addressed that an in-depth investigation of 

imbalanced data handling is essentially required. By developing construction site accident 

classification models, several researchers suggest that data balancing techniques need to 

be considered as a valuable research direction to improve the predictive power of 

generated models in the construction safety literature [97], [170]. 

Although imbalanced data pre-processing techniques have been investigated in other 

industries and for different domains, the comparative analysis of resampling strategies 

has not been examined in the construction safety literature, disregarding the divergent 

characteristics of the occupational accident datasets in the construction industry. 

However,  performances of resampling strategies are sensitive to attribute types, the 

number of instances, degree of imbalance, and the characteristics of the utilized dataset 

[2], [92], [110], [262]. Construction accident datasets might include several categorical, 

numerical, and binary attributes affecting the outcomes of occupational accidents, usually 

under a severe class imbalance condition. The dynamics of features defining an 

occupational accident could be different than features designating other issues such as 

traffic accident crash risk [92] or seismic capability of a school building [109]. In addition 

to pre-accident attributes, several post-accident conditions such as first aid provided, body 

part injured, or environmental considerations have impacts on accident outcomes. Even 

in the same domain, the essence and characteristics of the occupational accident datasets 

can vary in different countries with respect to the attributes included. Hence, the binary 

classification of occupational accident outcomes is a complex and unique problem. 

The abovementioned facts highlight a need for careful examination of occupational 

accidents regarding prediction models, not only to analyze the performances of ML 

methods, but also to investigate the robustness of several resampling strategies. In this 

study, fatality is the minority class compared to injury class, which makes the 

examination of resampling strategies even more significant, since the primary objective 

of the classification problem addressed in this research is to detect fatal instances. This 

would enable opportunities to forestall adequate mitigation measures. 

6.3 Research Methodology 
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The flowchart of the developed prediction model is illustrated in Figure 6.1 and analysis 

steps are explained in the following sub-sections. All tests were run in Python 3.8 and the 

main packages used for model design were scikit-learn v0.24.1 (for preprocessing, one-

hot encoding, ML applications, feature importance), imbalanced-learn v0.7.0 (for data 

resampling), and matplotlib v3.3.2 (for visualization) libraries. 

 

Figure 6.1 Flowchart of the study 
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6.3.1 Description of the Dataset 

The dataset related to construction accidents occurred in Istanbul was obtained from the 

SSI. The dataset includes the number of fatal and non-fatal accidents recorded between 

2011 and 2020 (up to October). Table 6.2 highlights the brief summary of 121,002 

occupational accidents, of which only 0.6% resulted in a fatality. It can be observed that 

the number of recorded accidents continued increasing until 2018, then started 

decreasing. The records also illustrate that the employment rates in the construction 

industry increased from 2012 to 2018 and decreased afterward until 2020 (TSI, 2020), 

mostly due to the recession in the local construction sector. 

Table 6.2 Imbalanced dataset of construction accidents 

Year 

2011

-

2012 

2013 2014 2015 2016 2017 2018 2019 2020 Total 

Number 

of 

accident

s 

3,406 
5,71

8 

7,49

6 

10,49

5 

16,36

6 

23,24

7 

28,78

8 

15,85

9 
9,627 

121,00

2 

Number 

of 

injuries 

3,361 
5,65

5 

7,40

2 

10,39

9 

16,23

7 

23,13

1 

28,68

3 

15,81

2 
9,597 

120,27

7 

Number 

of deaths 
45 63 94 96 129 116 105 47 30 725 

% of 

death 
1.32 1.10 1.25 0.91 0.79 0.50 0.36 0.30 0.31 0.60 

 

Based on the dataset, 15 input variables were selected to estimate the target outcome (fatal 

vs non-fatal). Details of the attributes are shown in Table 3. First, a literature review was 

performed to identify the influential attributes of fatal and non-fatal accidents. The initial 

list of features was developed based on the studies of Choi et al. [2], Mistikoglu et al. 

(2015), Ajayi et al. [240], Tixier et al. [7], Ayhan and Tokdemir [63], Baker et al. [242], 

Alexander et al. [241], and Wu et al. [263]. Then, the results of the literature review and 

the attributes in the dataset were cross-checked. However, some features such as the use 

of PPEs, hazardous conditions, and unawareness of the workers could not be considered 

in this study due to the unavailability of the corresponding attributes. In addition, there 

were other attributes in the original data, such as injured body part, type of injury and 

reason for the incident, which were not used during analysis as they are post-accident 

features. Since the major objective of the current research is to provide insights for the 

development of proactive strategies, only pre-accident attributes were considered. 
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Table 6.3 Description of attributes 

Context Attributes Type 

Number of 

unique 

instances 

Instance ranges 

Time-related 

Day of the month Categorical 31 1, 2, 3, …, 31 

Day of the week Categorical 7 
Monday, Tuesday, …, 

Sunday 

Month Categorical 12 
January, February, …, 

December 

Year Categorical 10 2011-2020 

Time of the accident Categorical 24 
00.00 ̶ 01.00, 01.00 ̶ 

02.00, …, 23.00  ̶00.00 

Worker-

related 

Gender Binary 2 Female, male 

Age Numeric 56 18  ̶  73 

Working days of the 

worker 
Numeric 2,387 0  ̶  15,684 

Education level Categorical 6 

Illiterate or only literate; 

elementary school; 

secondary school; high 

school; bachelor (two-

year); BSc/MSc/PhD 

Daily wage (Turkish 

Lira) 
Numeric  31,681 16.31   ̶  1,672.69 

Number of past 

accidents of the 

worker 

Numeric 10 0  ̶  17 

Material used Categorical 157 (16)* 

Construction machinery; 

hand tools with engine; 

stairway, ladder, 

scaffold; office 

materials; assembly kits 

etc. 

Company-

related 

Construction type Categorical 322 (10)* 

Road construction; 

residential building 

construction; railway 

and metro construction; 

infrastructure works etc. 

Number of past 

accidents in the 

company 

Numeric 151 0  ̶  1,804 

Number of workers 

in the company 
Numeric 1,434 1  ̶  9,980 

Output 

variable Accident outcome Binary 2 Fatal, non-fatal 

 

All the attributes were recorded as binary, categorical, and numeric values (Table 6.3). 

The number of instances varied according to attribute characteristics. For instance, the 

day of the month, day of the week and time of the accident were inherently grouped as 

31, 7 and 24 instances, respectively. In addition, material used, and construction type 

consisted of a diverse range of instances with just a few cases in some elements. Thus, 
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elements comprising less than %2 of the instances in these two attributes were diligently 

examined according to the nature of the material and construction types. Accordingly, the 

elements of these two attributes were regrouped into 16 and 10 categories, respectively. 

It can be noted that all categorical data types were grouped as nominal and ordinal (Kang 

and Ryu, 2019). All the nominal attributes were subjected to one-hot encoding, since 

allowing the model to make assumption on a natural ordering among categories results in 

erroneous classifications (Pradeep & Kallimani, 2020; Wang & Chen, 2020). 

6.3.2 Adopted Data Resampling Strategies 

The dataset used to predict the accident outcome was highly imbalanced (120,277 non-

fatal, and 725 fatal). Therefore, three class imbalance handling algorithms, (RUS, ROS 

and SMOTE) were considered as resampling strategies. However, it needs to be noted 

that, resampling was not subjected to imbalanced data to observe the prediction rate 

without any preprocessing related to imbalance class distribution in the first step. In other 

words, imbalanced dataset (RAW) was utilized for benchmarking. RUS, ROS and 

SMOTE were selected since they are the most frequently applied resampling strategies 

[2]. SMOTE works well with numerical attributes, while RUS and ROS might be 

preferred for different type of attributes [2]. Despite there are other under sampling-based 

(i.e., CUS and CCUS compared to RUS), over sampling-based (i.e., COS compared to 

ROS), and minority over sampling-based (i.e., MWMOTE and KMSMOTE compared to 

SMOTE) resampling strategies; RUS, ROS and SMOTE are the fundamental methods to 

address class imbalance issue. In other words, most of the other resampling approaches 

were developed based on the main principles of RUS (such as CUS), ROS (such as COS) 

and SMOTE (such as KMSMOTE) algorithms. Besides, adopted resampling algorithms 

have been used widely and successfully in various disciplines due to their less complex 

procedures and ease of applicability. 

In the RUS strategy, the class distribution is balanced by randomly extinguishing 

elements in the majority class [11]. Despite the risk of information loss in the training 

data is regarded as the major drawback of RUS [189], there are several advantages of this 

algorithm. For instance, reduction of sample size enables avoiding computational 

expenses [94] and no artificial positive values are generated in RUS method. Since RUS 

is addressed as a proper alternative in case of a large dataset (Provost, 2000; Wang et al., 

2017), it was included in this study. 
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The ROS was adopted as a method to repeat a number of minority classes to achieve a 

balanced class distribution [92]. Unlike under-sampling techniques, there is no risk of 

losing information in the ROS algorithm. However, in the case of ROS, an over-fitting 

problem can be observed [94]. Choi et al. [2] addressed that ROS is a proper alternative 

when the class distribution is highly skewed. Since the class distribution is severely 

imbalanced, the ROS algorithm was also applicable for the dataset. Finally, a minority-

based over-sampling algorithm, namely SMOTE, which was proposed by Chawla et al. 

[93], was also considered as an algorithm that over-samples the minority class in the 

training dataset to generate synthetic samples by applying cluster-based interpolation 

[267]. Primarily, each minority class sample is processed along the line segment 

connecting the sample with its minority neighbor to generate new samples [189]. It is 

usually based on the combination of over-sampling the minority class and under-sampling 

the majority class in a simultaneous manner [93], [189]. SMOTE is highlighted to be a 

strong resampling alternative particularly if there are only a few dozen of minority 

instances [93], [268]. 

6.3.3 Adopted Machine Learning Methods 

In this study, RF (tree-based), NB (probability-based), KNN (distance-based) and ANN 

(neural network-based) were used as ML methods for occupational accident outcome 

predictions in the construction industry. RF is an ensemble learning algorithm and a 

combination of DTs based on the values of a random vector that is independently sampled 

for each tree and has the same distribution for all trees in the forest [269]. RF creates 

independent bootstrap samples using the input data based on the bagging method [11]. In 

this algorithm, the best branched variable in each node of the DT is chosen from a small 

number of variables which are randomly selected among all variable sets. There are user-

defined parameters in RF, which are the number of instances to be used on each node for 

the generation of tree structure and the number of trees to be produced. The user creates 

the decision forest with 𝑁 number of trees. Thus, for each classification process, the 

dataset passes through the number of 𝑁 decision trees. The trees are generated by using 

in-bag data and validated through the out-of-bag data. The average error rate of a model 

is obtained and the tree, which has the lowest error rate, is assessed with the highest 

weight. The lowest weights are assigned to the tree that has the highest error rate. Overall, 

considering that each tree has a vote, the voting is performed through an RF classifier to 

obtain the final prediction. Major advantages of the RF method are its ability to avoid 
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overfitting, provide feature importance, and work well in construction accident outcome 

predictions [2]. 

The NB method is mainly based on two assumptions. All dependent variables do not have 

any effect on each other and the independent variables affect the output equally [270]. 

These assumptions make the NB method a computationally time-effective algorithm. It 

examines the probability of a particular value in the target class according to conditional 

probabilities grounded on the Bayesian probability and allows samples to find the class 

to which they belong [271]. It provides the selection of the class with the highest 

probability of sampling to be classified according to the Bayesian rule. A model is created 

for a pre-defined case, which allows drawing certain results from the relationship between 

pre-defined case and actual observations. Since the calculation of posterior probability 

for a high dimensional dataset is challenging, Naïve assumption is frequently carried out, 

so that the values of features are conditionally independent of the others’ values. The 

major advantage of the NB method is its efficiency with respect to both processing speed 

and parameter setting. 

A distance-based algorithm, namely KNN, is one of the most widely used non-parametric 

ML methods in classification problems. It is based on the distance between the 

observations (or objects), and it utilizes the closest neighbor samples to fulfill the 

classification process [272]. During the application of KNN, each previously classified 

data point is stored, while the class of each point to be subsequently evaluated is decided 

through the comparison between the stored data and distances [273]. It is based on the 

principle of explaining the similarity of the samples by means of the distance between 

them [189]. The samples, which have similarities between each other, are close to (i.e., 

neighbor) and the ones not having similarities are far from the others. Therefore, the 

distance between two samples is regarded as a criterion that determines dissimilarity. 

Here, attaining a high classification accuracy with a relatively smaller number of 

hyperparameters and performing the classifications within a less computation time period 

has led many researchers to prefer using the KNN method in a variety of research areas. 

ANN method emerged with the idea of mimicking the working principles of the human 

brain via computers. Therefore, the first studies of ANN focused on the mathematical 

modeling of biological cells such as neurons [274]. An ANN model consists of five 

different components; inputs, weights, net function, activation function, and outputs. 

Inputs represent the information provided to the network, while the weights indicate the 
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value of information coming onto a neuron. In this sense, the effectiveness and 

significance of the information in the system are provided by the weights. The net 

function allows the calculation of the net input that comes to the neuron, whereas the 

activation function provides the processing of the net input and determines the output. 

The learning process of multilayer neural networks has two stages: 1) Feed Forward and 

2) Back propagation. In the first step, weights are randomly considered and the output of 

the network for a given sample is obtained [275]. In addition, according to the comparison 

of model results and expected values, the weights are updated based on the value of the 

gradient that is computed by backpropagation. The second step of ANN is grounded on 

the idea of reducing the sum of error squares through training [189]. 

6.3.4 Performance Evaluation 

The robustness of a classifier is usually evaluated with four statistical elements in binary 

classification: 

True positive (TP): It indicates the number of correct classifications with respect to 

positive instances. 

False negative (FN): It indicates the number of incorrect classifications with respect to 

positive instances. 

False positive (FP): It indicates the number of incorrect classifications with respect to 

negative instances. 

True negative (TN): It indicates the number of correct classifications with respect to 

negative instances. 

If there is a balanced class distribution, then the accuracy can be measured by means of 

the rate of correctly classified instances as defined in Eq. (6.1). 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑁 + 𝐹𝑃 + 𝑇𝑁
 (6.1) 

However, there is no useful interpretation of the metric’s value in case of an imbalanced 

dataset, since it may result in erroneously higher prediction performance [2]. In such 

cases, two performance evaluation metrics need to be considered, namely the true positive 

rate (TPR) and false positive rate (FPR) as defined in Eq. (6.2) and Eq. (6.3). 

𝑇𝑃𝑅 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (6.2) 
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𝐹𝑃𝑅 =
𝐹𝑃

𝐹𝑃 + 𝑇𝑁
 

(6.3) 

where TPR and FPR are the ratio of correctly classified positive instances to the true 

positive instances, and incorrectly classified negative instances to true negative instances, 

respectively. By taking TPR and FPR on the y and x axes, a receiver operating 

characteristic (ROC) graph, also called as ROC curve can be drawn, which is a valuable 

tool to visualize and compare various classifiers’ performance based on TPR and FPR 

[276]. Hence, the larger the area under the ROC (AUROC), the better the prediction of a 

classifier. Despite there are some other performance indicators such as G-mean and F1 

measure, AUROC was widely used recently in the literature (Ayhan et al., 2021; Chi et 

al., 2020; Choi et al., 2020; Hasanin et al., 2019), due to its ability to visualize the process 

aiding to interpret easily. 

6.4 Results and Discussion 

6.4.1 Classification Results 

This study used an imbalanced dataset containing 120,277 non-fatal, and 725 fatal 

occupational accidents to predict the construction accident outcome. First, 121,002 

accident dataset was divided into two major categories as training (70%) and testing 

(30%) sets using random hold-out approach [247]. RAW, RUS, ROS, and SMOTE 

resampling strategies were applied to the training set to perform fair comparisons. 

Resampled datasets were trained based on RF, NB, KNN, and ANN algorithms. 

Accordingly, performances of these algorithms were compared by using a blinded testing 

set, which was not subjected to resampling strategies on purpose. 

For the configurations of the ML models, the trial-error approach was adopted by taking 

the imbalanced dataset into consideration. In the RF modeling, the number of estimators 

and maximum depth were sought as hyperparameters. The optimum values were searched 

in the range of 1 and 30 [11], and 100 and 1200 [14], respectively. Also, variance 

smoothing (10−𝑥, 𝑥 between 3 and 9) was the only parameter to be considered in the 

determination of optimum model configuration for NB (Soni et al., 2020; Wu et al., 2020). 

In the identification of the KNN structure, three hyperparameters of the algorithm were 

scanned, the number of neighbors and the leaf size with the ranges of 1-30 for both 

parameters (Bykov et al. 2019; Zhang et al. 2020) and four different distance metrics, i.e., 

Chebyshev, Manhattan, Minkowski and Euclidean. The model configuration of the ANN 
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was also performed through trial-error considering three hyperparameters. In this regard, 

the momentum, learning rate, and the number of hidden layers were searched within the 

ranges of 0.01-1, 1-30, and 1-10, respectively (Sarkar et al. 2019; Son and Kim 2015). 

According to the results of trials performed based on the imbalanced dataset, the best 

performances were observed i) when the number of estimators and the maximum depth 

were set as 1100 and 20, respectively in the RF algorithm; ii) when the variance 

smoothing was set as 1 × 10−8 in NB algorithm; iii) when the number of neighbors was 

30 and the leaf size was 1 in the KNN algorithm; and iv) when the momentum, learning 

rate, and hidden layer size were set as 0.12, 0.01, and 6, respectively in ANN. 

The AUROC was used as the performance evaluation metric for the comparisons of each 

ML algorithm and resampling strategies for 16 scenarios in total. Figure 6.2 illustrates 

the ROC curves of ML algorithms subjected to RAW (Figure 6.2a), RUS (Figure 6.2b), 

ROS (Figure 6.2c), and SMOTE (Figure 6.2d) resampling strategies. The results imply 

that RF showed the best performance with 0.809 of AUROC when the training data was 

not subjected to any resampling strategy (RAW). The prediction rate showed significant 

improvements when ROS and RUS algorithms were applied, with AUROC values of 

0.820 and 0.831, respectively. ANN and KNN methods also showed the highest 

improvements with resampled dataset through adopting ROS and RUS algorithms, from 

0.500 to 0.785, and from 0.590 to 0.685, respectively. This shows that adopting the 

resampling strategies significantly improved the prediction accuracy. NB was the only 

method, which achieved nearly the best performance with a training dataset that was not 

subjected to resampling strategies (AUROC: 0.763 in RAW compared to 0.765 in ROS). 

Table 6.4 provides the summary of evaluated scores and ranking of both ML algorithms 

and resampling strategies. Among the four ML trials performed with four different 

resampling strategies, RF pre-processed with RUS presented the highest prediction rate 

and the AUROC was found as 0.831. The RF model coupled with RUS exhibited small 

differences with other resampling strategies in the RF algorithm apart from SMOTE 

(RAW: 0.809, ROS: 0.820, SMOTE: 0.740). On the other hand, relatively large 

differences were observed with other ML methods subjected to RUS resampling strategy 

based on the AUROC (ANN: 0.727, NB: 0.746, KNN: 0.685). 
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Figure 6.2 ROC curve of a. Raw models b. RUS-based models, c. ROS-based models, 

d. SMOTE-based models. 

In addition, Table 6.4 presents the inner and classifier ranks. The inner ranks denote the 

success rating of a resampling strategy obtained for each ML algorithm and the outer 

ranks show the ranks of ML algorithms for each resampling strategy. With respect to the 

inner ranking of the ML algorithms, RUS was the best resampling strategy in RF and 

KNN, while it was ROS in NB and ANN models. Results also showed that SMOTE was 

not the favorable resampling strategy in any of the ML algorithms. In terms of classifier 

rank subjected to different resampling alternatives, RF was the best ML method in all 

scenarios (Table 4), in which the prediction rate was significantly higher than the others. 

The only exception was that ANN showed slightly better performance than RF when the 

dataset was resampled with SMOTE, with an AUROC value of 0.756 compared to 0.737. 

The results show similarities with other studies in the field of construction accident 

predictions in general. The RF was determined as the most accurate ML model in many 

studies, which compared the performances of several ML methods in construction 

accident predictions [4], [7], [11]. In line, Choi et al. [2] found the performances of RF as 

significantly higher than several ML algorithms such as DT, LR, and AdaBoost. 
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Table 6.4 Summary of evaluated scores 

Model 
Sampling 

technique 
AUROC 

Inner 

rank 

Classifier 

rank 

RF  

RAW 0.809 3 1 

RUS 0.831 1 1 

ROS 0.820 2 1 

SMOTE 0.737 4 2 

NB  

RAW 0.763 2 2 

RUS 0.746 3 2 

ROS 0.765 1 3 

SMOTE 0.715 4 3 

KNN  

RAW 0.590 3 3 

RUS 0.685 1 4 

ROS 0.590 3 4 

SMOTE 0.610 2 4 

ANN 

RAW 0.500 4 4 

RUS 0.727 3 3 

ROS 0.785 1 2 

SMOTE 0.756 2 1 

 

In this study, testing and training sets were identified based on random test/train splitting 

method with the randomly selected 30% and 70% of the dataset. However, the 

performance of the classifiers may change according to the separated testing sets, which 

needs to be considered for model validation. There are two commonly used cross-

validation (CV) techniques; random hold-out (i.e., 30/70, 40/60) and shuffled 5-fold CV. 

These techniques examine how the results can be generalized when an independent 

dataset is introduced [247]. Therefore, 15 additional test/train splitting scenarios were 

considered in the context of CV to validate the performance of the RF-RUS pipeline. 

These scenarios are three folded: (1) 5 testing and training sets captured by a similar 

random splitting approach (i.e., 30/70), (2) 5 randomly generated test/train sets with a 

different but another commonly used test/train splitting ratio (40/60), and (3) 5 testing 

and training sets separated according to the 5-fold CV scheme. As explained before, only 

training sets should be balanced with resampling methods. Testing sets should remain 

imbalanced for practicality and satisfying real-life conditions. Therefore, during the 5-

fold CV application, once the testing and training sets were separated, each training set 

was then resampled while using different and imbalanced testing sets. The results of 

test/train splitting scenarios are shown in Table 6.5. According to the findings, the RF-

RUS model showed strong performance in each test/train approach such that the 
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performances of the models with 30/70, 40/60, and CV strategies were found as 0.829, 

0.820, and 0.796 of average AUROC values, respectively. Therefore, RF-RUS can be 

regarded as a valuable method to implement in construction safety predictions, which can 

also be used to investigate attribute importance affecting construction accident outcomes. 

Table 6.5 Alternative test/train splitting scenarios 

Scenario 

ID 

Test (Ts)/train 

(Tr) approach 

Cross validation 

approach 
AUROC 

Sub-

average 

Standard 

deviation 

Baseline 

0 
30/70 Random hold-out 0.831  ̶  ̶ 

1 30/70 Random hold-out 0.825 

0.829  0.005 

2 30/70 Random hold-out 0.832 

3 30/70 Random hold-out 0.830 

4 30/70 Random hold-out 0.836 

5 30/70 Random hold-out 0.824 

6 40/60 Random hold-out 0.811 

0.820 0.012 

7 40/60 Random hold-out 0.816 

8 40/60 Random hold-out 0.841 

9 40/60 Random hold-out 0.814 

10 40/60 Random hold-out 0.819 

11 
CV (Tr-Tr-Tr-

Tr-Ts) 

Shuffle 5-fold 

CV 
0.777 

0.796 0.025 

12 
CV (Tr-Tr-Tr-

Ts-Tr) 

Shuffle 5-fold 

CV 
0.791 

13 
CV (Tr-Tr-Ts-

Tr-Tr) 

Shuffle 5-fold 

CV 
0.840 

14 
CV (Tr-Ts-Tr-

Tr-Tr) 

Shuffle 5-fold 

CV 
0.783 

15 
CV (Ts-Tr-Tr-

Tr-Tr) 

Shuffle 5-fold 

CV 
0.788 

 

6.4.2 Attribute Importance 

The RF classifier can present the importance of attributes based on several indices such 

as feature importance, Gini importance, and permutation importance [282], [283]. In this 

study, permutation importance, which is one of the most reliable importance indices 

especially when the attribute dimension is high [217], [218], was used. As being a model-

agnostic method, permutation importance examines the impact of variations in the dataset 

on the model results rather than determining what is important in the model structure. The 
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permutation importance is based on the identification of the importance of a variable by 

replacing it with noise data that comes from the same distribution, instead of removing 

this variable from the model [269]. Thus, permutation importance relies on the accuracy 

difference between the baseline model (RF) and the updated model which shifts each 

input variable in the validation set [11]. The permutation importance utilizes the mean-

decrease-accuracy strategy, and the importance values are highly related to the 

performance metrics (such as F1, AUC, and accuracy). This makes the permutation 

importance acceptable to use for ranking the attributes rather than calculated numerical 

values [11]. 

Attribute importance and ranking calculated through permutation importance with respect 

to four resampling strategies are shown in Table 6.6. Results showed that the top five 

attributes were “number of workers in the company”, “material used”, “age”, “number of 

past accidents in the company”, and “construction type” when the imbalanced training 

test (RAW) was used. It can also be noted that the importance of attributes marginally 

varied according to the adopted resampling strategy. For instance, in the RUS algorithm, 

“year” and “time of accident” were among the top five attributes instead of “number of 

workers in the company” and “construction type” compared to the RAW strategy. The 

same seven attributes (with respect to RAW and RUS algorithms) were also considered 

among the top five attributes in the ROS algorithm. The results were similar when the 

training set was subjected to the SMOTE, apart from “number of past accidents of the 

worker” feature, which was ranked among the least important attributes by adopting other 

resampling strategies (RAW: 14, RUS: 14, ROS: 13). 

Some additional highlights could also be noted from the analysis results. The number of 

past accidents in the company was found to be the most significant attribute affecting the 

outcome of a construction accident based on three resampling techniques (RUS, ROS and 

SMOTE). This finding could be considered important, since, to date, this feature was not 

considered in previous studies for the prediction of construction accident outcomes. With 

this result derived in this study, it can be suggested that the prediction models proposed 

in the literature can be improved by including the “number of past accidents in the 

company” attribute, which is already known before the occurrence of accidents. 
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Table 6.6 Attribute ranks based on permutation importance 

Attribute 

list 

Attribute importance Attribute rank 

RAW RUS ROS 
SMOT

E 

RA

W 
RUS ROS 

SMO

TE 

Day of the 

month 
0.0030 0.0052 0.0351 0.0162 10 11 10 13 

Day of the 

week 
0.0028 0.0057 0.0279 0.0298 12 9 12 11 

Month 0.0028 0.0029 0.0312 0.0421 11 12 11 9 

Year 0.0033 0.0202 0.1871 0.1213 7 4 5 2 

Time of 

the 

accident 

0.0033 0.0122 0.1081 0.0094 8 5 7 14 

Gender 0.0000 0.0000 0.0000 0.0002 15 15 15 15 

Age 0.0036 0.0533 0.2459 0.0839 3 2 2 3 

Working 

days of the 

worker 

0.0033 0.0105 0.0924 0.0269 9 7 8 12 

Education 

level 
0.0019 0.0020 0.0070 0.0514 13 13 14 7 

Daily 

wage 
0.0034 0.0060 0.1600 0.0629 6 8 6 6 

Number of 

past 

accidents 

of the 

worker 

0.0011 0.0010 0.0179 0.0657 14 14 13 5 

Material 

used 
0.0037 0.0228 0.2070 0.0745 2 3 4 4 

Constructi

on type 
0.0034 0.0055 0.0490 0.0474 5 10 9 8 

Number of 

past 

accidents 

in the 

company 

0.0035 0.0865 0.2680 0.1249 4 1 1 1 

Number of 

workers in 

the 

company 

0.0037 0.0107 0.2095 0.0405 1 6 3 10 
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“Age of the worker” was another attribute that was found significant. This attribute was 

also pointed out in earlier prediction studies with its potential impact on the occupational 

accident outcome (Ayhan and Tokdemir 2019a; Choi et al. 2020; Kang and Ryu 2019; 

Lee et al. 2020). This can be related to the fact that older workers, some of whom having 

lower physical and sensory capabilities (Chi et al. 2005),  could consider some of the 

safety training programs as unnecessary work [226], which might eventually increase the 

probability to experience severe accidents. 

The ranking of attributes also highlighted that “material used” was an attribute that has a 

significant effect on the outcomes of construction accidents. A similar finding was noted 

by Kang and Ryu [11], where they also found “original-cause material” as the second 

most influential attribute in predicting construction accident type, particularly related to 

scaffolding, stairways, ladder, edges and openings. These special works could be related 

to falls from height, which was also deemed as one of the main causes of occupational 

fatalities (Melchior et al., 2020; Wu et al., 2010). 

Regarding time-related attributes, the year of the accident was found to be an important 

factor since it might represent the national or sectoral transformation and development of 

OHS systems over years, which was also found by Lee et al. [8] among the major 

variables in accident severity prediction. Another important time-related factor was 

determined as “time of accident”, which can be influential in fatality risk due to the 

changing environmental conditions, fatigue of workers and visibility in construction sites, 

as also addressed by Ajayi et al. [240]. Arditi et al. [286] addressed that construction 

works during night-time can be more dangerous than day-time, addressing the need to 

develop strategies to improve workplace safety at night shifts. 

6.4.3 Discussions of the Adopted Techniques 

According to the results obtained in this study, the RF coupled with the RUS algorithm 

showed the best performance to predict accident outcomes. Therefore, despite the 

common fact that the occupational accident dataset might be severely imbalanced, the 

RUS algorithm could be adopted to improve the prediction accuracy when the model is 

trained with the RF algorithm. In the pertinent literature, there are several studies 

illustrating the usability of the RF algorithm in occupational accident-related predictions 

such as Tixier et al. [7], Kang and Ryu [11], Choi et al. [2], and [14]. Among them, Tixier 

et al. [7] and Baker et al. [14] utilized construction accident datasets from different 
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countries, while Kang and Ryu [11] and Choi et al. [2] acquired datasets from the Korean 

national database. Considering the fact that the dataset collection procedures heavily rely 

on the country-based conditions, availability, and accessibility of the corresponding 

features, these studies included different accident attributes. 

The RF model was also coupled with various resampling approaches in past studies. For 

instance, Tixier et al. [7] applied stratified over sampling, Kang and Ryu [11] coupled the 

RF with the RUS algorithm, Choi et al. [2] implemented the ROS algorithm, and Baker 

et al. [14] performed the calculations of weights inversely proportional to the frequency 

of each sample category to deal with the class imbalance issue. Despite the divergence in 

main objectives of these studies (prediction of injury type, energy type, body part 

impacted, injury severity, accident type, and accident outcome), they demonstrated the 

instrumentality of the RF algorithm with the resampling techniques. However, none of 

the abovementioned studies have examined the performance comparison through 

scenario-based evaluation that consisted of coupling ML methods with resampling 

techniques. 

This study compared RAW, RUS, ROS, and SMOTE resampling strategies to predict the 

outcomes of construction accidents. Some of the factors were found more significant than 

others according to the feature importance results. Therefore, focusing on these features 

would improve the performance of more effective safety management applications. 

However, attained attributes might be different depending on the data collection 

procedure of companies or countries. For instance, some environmental factors (uneven 

surface, congested work environment, unstable support, etc.), project factors (project cost, 

project complexity, project duration, etc.), or OHS factors (experience of OHS team, 

number of OHS staff) can also influence the accident outcome predictions. In this study, 

the most powerful model (RF-RUS) yielded a powerful prediction accuracy (AUROC = 

0.831) with the included factors. The prediction performance of the developed models 

and the context of the safety management applications could be improved with additional 

attributes. Since the applicability of the RF method was proven many times by other 

researchers in the field with various datasets as well, the RF-RUS model can be suggested 

as a useful and effective prediction tool for different accident datasets. 

The results show that the performance of the SMOTE algorithm was relatively lower 

compared to RUS and ROS algorithms. Feature importance results were also significantly 

different in SMOTE algorithm compared to other resampling algorithms. For instance, 
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“number of workers in the company” was among the most important attributes according 

to the RAW (1st), RUS (6th), and ROS (3rd) algorithms, while it is 10th order of importance 

in SMOTE-based analysis. Several reasons can be related to the analysis results. First, 

SMOTE algorithm performs synthetic sample generation through cluster-based 

interpolation which can potentially results in biased estimations in categorical variables 

even though it works well with numerical attributes. Additionally, synthetic samples 

generated with the SMOTE algorithm can also be impractical and not representative in 

case of extreme values in the feature. This can be observed in some national datasets since 

they comprise accidents in small companies as well as accidents in mega projects. 

To present more insight into resampling strategies, Figure 6.3 presents the distributions 

of the “number of past accidents in the company” vs. “number of workers in the 

company” in the training data that were subjected to RAW, RUS, ROS, and SMOTE 

algorithms, respectively. Here, it can be observed that SMOTE performed cluster-based 

interpolation based on all instances in the dataset regardless of the distribution of the 

feature values, which might be the reason for low feature importance of the number of 

workers in the company. In other words, synthetic samples generated with the SMOTE 

algorithm were not representative of the real observations, which can also be the reason 

for poor performance of SMOTE algorithm (Figure 6.2). Since many of the national 

occupational accident datasets include different sizes of companies with the number of 

workers as well as the number of past accidents, SMOTE algorithm is not recommended 

for accident outcome prediction studies that use national datasets, which are more likely 

to include extreme values. In order to investigate the applicability of the SMOTE-based 

resampling methods, researchers can consider comparing the performance of BL-

SMOTE, KM-SMOTE, and SVM-SMOTE to represent training datasets in future studies. 

In addition, since many of the accident datasets include both numerical and categorical 

variables, performance of the SMOTE nominal categorical (SMOTE-NC) algorithm can 

also be evaluated in future studies. 
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Figure 6.3 Distribution of number of past accidents in the company versus number of 

workers in the company based on a. raw data (RAW), b. resampled (RUS), c. resampled 

(ROS), d. resampled (SMOTE) 

6.5 Implications for Safety Authorities and Practical Use of the Study 

The most significant attributes considering the RUS algorithm comprised worker-related 

(age and material used), company-related (number of past accidents in the company and 
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number of workers in the company), and time-related (year and time of an accident) 

attributes (Table 6.5). 

Among the worker-based attributes, “material used” was identified as a causal significant 

factor for the occurrence of fatal accidents. Therefore, additional safety training contents 

can be considered to raise the awareness of workers regarding such materials. Since some 

materials can be directly associated with dangerous environments (such as scaffolding or 

ladder with falling) [11], they can also be associated with severe accidents, thus increasing 

the probability of these workers to experience fatal accidents. 

Workers’ age is another important class of the worker-related attribute. Several past 

studies have already addressed that the older the workers, more likely to experience 

severe accidents compared to younger workers [228]. This can be considered due to the 

decrease in physical capabilities of the elderly (Chi et al. 2005), which is further supported 

by Choi et al. [287] that workers having 50+ years old are accounted for more than 60% 

of the fatal accidents. Enhancing the coverage of the training sessions and increasing their 

frequency would improve the awareness level of older workers about actions and 

behaviors that would result in occupational accidents. 

Apart from the worker-related attributes, company-related attributes, such as number of 

past accidents in the company and number of workers in the company would also 

contribute to expanding the extent of related studies. Many studies stated that the number 

of workers may be one of the indicators to define the size of a company. In this respect, 

the higher the number of workers in a company, the lower the fatal accident ratio of the 

company (Jeong 1999). This conclusion may be explained by the fact that workers in 

smaller companies are usually assigned to multiple tasks, in which they are less 

competent. This would compromise the safety management efficiency in many projects. 

For this reason, increasing the number of workers with specialized qualification for 

certain tasks could alleviate the safety-related risks in working environments. 

In addition, one of the exclusive project-based attributes, number of past accidents in the 

company/project, plays a decisive role in elaborating the safety performance of the 

construction sites. Evidence suggests that companies that experienced occupational 

accidents in earlier projects are more likely to establish and perform safety management 

strategies with more caution and companies without past accident records could be at 

higher risk. On the other hand, young companies could be an exception in this regard, 
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having less experience in the business and limited possibility of exposure to occupational 

accidents. Such companies might need more efforts to be prepared against the 

occupational accidents by allocating the necessary budget for OHS investments. 

The body of knowledge also recognizes the importance of the time-related attributes on 

the occurrence and severity of accidents [2], [8], [240]. For instance, managers or 

supervisors can be away from job sites for some hours during the day due to other 

responsibilities (meetings, visits, etc.), which might increase the fatality rates. 

Employment of temporary personnel to substitute the role of safety manager would 

support the maintenance of safe working environments in such cases. Furthermore, 

considering the fact that many occupational accidents occur during night shifts [286], 

companies are recommended to perform continuous monitoring of risks in construction 

sites and regulate working hours to decrease the probability of accidents. 

Overall, practitioners can be suggested to develop strategies based on a dataset related to 

these attributes to prevent occupational fatalities. The necessary measures should be 

prepared and taken timely, since the time of an accident is an important factor in 

occupational fatalities. Many construction companies have their own occupational 

accident databases. However, these are merely considered in predictive models to 

improve safety management plans. Based on the key findings of this study, an explanatory 

guideline is presented in Figure 6.4 that can be included in safety management plans for 

construction sites. The proposed framework for the utilization plan of the guideline can 

also be seen in Figure 6.5 illustrating the data entry and prediction procedures, with 

reference to the “A” in Figure 6.4. 

Safety managers can run the proposed model regularly (such as daily, weekly, or 

monthly). In this study, the applicability of this model to a monthly investigation was 

emphasized (Figure 6.5). Once the model training is performed based on the historical 

accident records; company, worker, and time-related attributes are taken from the 

construction site regarding all workers. In this context, assuming that there is k number 

of hours in the day shift, n number of days in the month, K number of workers working 

in the company, and Ni number of material groups that the workers will engage in during 

the month, then the size of the testing set can be calculated as NMonth (k × K × n × Ni). By 

running the proposed model, safety departments can perform worker-based (privately) 

inspections about the most risky conditions (i.e., materials, time of the day, day of the 

month, day of the week) for the workers with higher fatality risk of an occupational 



148 

accident. Such predictions can contribute to the implementation of timely and effective 

OHS practices on construction sites. 

It is important to note that the features included in the proposed explanatory guideline 

(Figure 6.4 and Figure 6.5) are limited by the dataset used in this study. Hence additional 

features (i.e., the project and company-related factors, environmental factors, worker-

related factors, and supervisor/OHS team-related factors) can be incorporated into the 

guide based on the availability of the data. With the assistance of a reliable and robust 

accident database, practitioners can develop an ML model for predicting accident 

outcomes as a part of their project management plan. 

 

Figure 6.4 Practical use of the research 
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Figure 6.5 Example of a utilization plan 

In order to ensure the feasibility of the proposed approach in real cases, five professionals 

including a safety personal (R1), OHS manager (R2), technical office engineer (R3), site 

supervisor (R4), and project manager (R5) in a construction company were contacted. 

The proposed model, attained results, and developed utilization plan (Figure 6.4 and 

Figure 6.5) are shared with them to further elaborate their practicality using a 7-point 

Likert scale (i.e., 1: Strongly disagree and 7: Strongly agree) based on semi-structured 

interview questions. The responses are shown in Table 6.7. Along with the findings 

presented in Table 6.7, the respondents also highlighted the applicability of the model as 

the attributes used in the model have been collected all the time due to SSI requirements. 

However, nearly all respondents also addressed that the proposed model would be more 

useful if “no accident” cases were also included, which was one of the limitations of the 
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study due to the lack of “no accident” information in the dataset. The results show that 

the respondents had positive views on the proposed ML model and the utilization plan. 

Table 6.7 Respondents’ opinions about the proposed model 

  Respondents 

Questions R1 R2 R3 R4 R5 Average 

Developed ML model can be used 

effectively to improve the safety 

performance of the company. 

7 7 6 6 7 6.60 

Developed model is applicable to 

practice in the company. 
7 6 6 6 7 6.40 

Generally, I agree with the most 

significant features calculated 

through the RF-RUS algorithm. 

7 6 5 6 6 6.00 

Utilization plan (Figure 6.5) is 

sufficient to detect workers who 

have a high probability to experience 

fatalities. 

7 7 6 7 6 6.60 

Utilization plan (Figure 6.5) can be 

used effectively in construction 

projects as an early alert mechanism. 

6 6 7 6 5 6.00 

Early detection of workers and 

specific conditions that are related to 

fatalities can help minimize fatal 

accidents on construction sites. 

7 7 7 7 6 6.80 

Monthly utilization plan is 

appropriate to use in construction 

sites as many important decisions 

about safety measures are made on a 

monthly basis. 

6 7 6 7 7 6.60 

I would like to use the proposed 

model in the project to detect the 

susceptibility of construction 

workers to fatal accidents. 

7 7 7 7 6 6.80 

Overall, findings are evident for the prediction of fatal accident cases as much as possible. 

Safety managers are suggested to focus on workers, material/equipment, and time zones 

that could potentially result in fatal accidents. In this context, real time data collected 

from construction sites can be very useful and adopted with the proposed model. Safety 

professionals could consider mitigation measures in advance on construction sites to 

prevent fatalities. 
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6.6 Conclusion and Future work 

Machine learning based prediction models can be useful in enabling the identification of 

potential sources and outcomes of occupational accidents in construction projects. In 

practice, the existence of extremely imbalanced datasets (with a significantly higher 

number of injuries compared to fatalities) makes it difficult to predict occupational 

fatalities. In this context, the use of resampling techniques could provide substantial 

improvements in the accident outcome predictions. Hence, the purpose of this research 

was to predict construction accident outcomes using machine learning methods coupled 

with resampling techniques.   

The results acquired from the ML models, which were pre-processed with resampling 

strategies, revealed significant findings. Among different resampling techniques coupled 

with four ML methods, variations were observed in model performances. RUS was found 

as the best resampling strategy when it was coupled with RF and KNN, while it was the 

third best technique with the ANN and NB implementations. In addition, compared to the 

other resampling techniques, SMOTE showed the worst performance in RF and NB 

models, whereas the RAW was found as the strategy with the lowest accuracy among 

KNN and ANN models. The most noticeable finding from this research was that RF 

outperformed other adopted ML methods according to the AUROC values for all 

resampling techniques (except SMOTE). Overall, the best performing model was 

obtained through the integration of RUS strategy and RF algorithm; in which AUROC 

was calculated as 0.831. Based on the attribute importance results, it can also be 

concluded that the number of recorded accidents in the company, age of the victim, 

material used, number of workers in the company, year, and time of the accident were the 

most significant attributes, which require careful examination to improve safety 

management initiatives. 

Besides the crucial findings attained from the analysis, this study poses some limitations 

that need to be considered in future attempts. First, adopted features herein are limited by 

the national dataset acquired. Exploring the accident outcomes with more features 

defining the project characteristics, work environment, worker conditions, and OHS 

procedures more precisely can significantly contribute to the development of an improved 

proactive safety risk management system on construction sites. The prediction power 

achieved with a limited number of features is 0.831 (regarding AUROC), which 

highlights that including more exclusive features can help the detection of fatal accidents 
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at very high accuracies. Similarly, some of the post-accident attributes, (injured body part, 

type of injury, reason for accident, etc.) can also be predicted in future studies to illustrate 

the robustness and usability of the proposed framework. Besides, since there could also 

be “no accident” with the adopted attributes, dataset regarding non-accident cases can 

also be included in future studies to evaluate the applicability of the proposed model in 

detecting accident occurrences as well as its severity. Since “no accident” data is rarely 

recorded in construction sites, national data collection procedures should require 

cases/conditions with “no accident” in understanding the conditions that trigger the 

occurrence of occupational accidents. With a national accident/no accident dataset, the 

researchers can be able to perform improved accident occurrence predictions and boost 

the practical implications of the investigations in the field. From the methodological point 

of view, the performances of other under-sampling methods such as cluster-based under-

sampling and case control under-sampling can be explored in future studies to assist 

practitioners and researchers select the most useful under-sampling approach for the 

prevention of fatal accidents. The use of SMOTE algorithm is questionable in future since 

its performance was low due to the impact of categorical variables and extreme values 

commonly exist in numerical variables in national datasets. Instead, the applicability of 

the BL-SMOTE, KM-SMOTE, SVM-SMOTE, and SMOTE-NC can be explored to 

observe whether they would work well with accident datasets. 

Through diligent examination and prediction of construction accidents based on the 

imbalanced dataset, safety managers and industry practitioners can improve the safety 

conditions of individuals and projects by imposing necessary measures before the 

occurrence of any fatal accident. Resampling strategies investigated in this study showed 

remarkable improvements by adopting each ML model. Therefore, the prediction model 

proposed can be used, even when there is a severe imbalance between fatal and non-fatal 

accident records. The results emerged from the attribute importance evaluations suggest 

that both worker and company characteristics are strongly related to the outcome of 

construction accidents. These findings can contribute to the development of several 

strategies to prevent potentially fatal incidents in the construction industry. The current 

research is also expected to provide a visionary outlook for the safety professionals to 

always stay prepared, as the complex and uncertain nature of the projects and working 

environments in construction sites can easily result in fatal accidents. 
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7 

RESULTS AND DISCUSSION 

 

This study investigates the applicability of ML methods in predicting occupational 

accident outcomes in several ways using national dataset acquired from the SSI. The 

primary focus of investigation was to explore the practical use of national datasets in 

future projections. The major motivation of the thesis is that a huge number of 

occupational accidents were collected by the SSI after the enactment of Law 6331, which 

states that employers must report all occupational accidents to the SSI. Hence, After the 

data collection step of this thesis, the dataset was investigated, and several prediction 

schemes were generated. In this thesis, four projections were presented: 

• Post-accident permanent disability prediction was employed by integrating 

feature engineering, tree-based ML methods (RF, AdaBoost, XGBoost, ET), and 

GA for hyperparameter tuning (Model 1). 

• Time series prediction model was generated by hybridizing DWT and three 

commonly used ML methods such as ANN, MARS and SVR for daily nationwide 

number of accident prediction (Model 2). 

• A novel scenario-based comprehensive pre-processing model that comprise 216 

preprocessing scenario was proposed for accident severity prediction using 

XGBoost algorithm (Model 3). 

• Accident outcome prediction model was proposed by integrating one ML methods 

in each ML family (RF of tree-based family, NB of generative model family, 

ANN, of network-based family, and KNN of neighbor-based family) and several 

data resampling methods (RUS, ROS, SMOTE) (Model 4). 

Several research gaps were addressed in each of the proposed models. First of all, there 

were a limited number of occupational accident predictions based on national dataset, and 

existing studies were mainly used datasets from developed countries. In this thesis, a huge 

dataset including 395,777 occupational accidents recorded in Turkish construction 

industry over a decade was statistically investigated. The findings emerged from the 

analysis results indicate that number of past accidents in the company, material used, 
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number of workers in the company, age of the worker, year, working days of the worker, 

and daily wage were strong precursors of occupational accident outcomes. 

Secondly, the robustness of ensemble tree-based ML methods has widely been 

documented in the literature. However, their comparative analysis has not been performed 

in the construction safety literature. We found XGBoost as the most powerful tree-based 

ML method in permanent disability prediction, despite the performance of others were 

very similar to it. In addition, one of the overlooked tree-based method, namely ET, was 

the most powerful predictor regarding minority class instance. 

Similarly, despite there has been several research on ML applications in construction 

safety management research domain, permanent disability prediction has been 

overlooked in the literature. This prediction scheme is socially crucial because 

construction workers who perform their jobs to meet variety of needs of future 

generations are at significant risk of not meeting their own needs. Hence, by predicting 

post-accident permanent disability status of construction workers, the precursors of 

permanent disability have been investigated in Model 1. Working days lost, and injured 

body part were found as significantly effective features in workers’ permanent disability. 

A comprehensive literature survey revealed that metaheuristic optimization algorithms 

were not employed in the construction safety management literature. However, 

hyperparameters of ML methods are known to have significant impacts on the 

performance of future projections. Therefore, for the first time in the construction safety 

literature, GA was employed to tune parameters of RF, ET, XGBoost and AdaBoost. It 

was found that hyperparameters of tree-based ML methods can be configured effectively 

by using metaheuristics. 

Another gap in the literature was a detailed feature engineering. The need for 

comprehensive feature engineering comes from the fact that there could be several types 

of errors during data collection step (human errors or transaction errors) and collected 

data cannot be used directly. In other words, there might be missing data, outliers, 

different feature types and imbalance in the class distributions in the collected datasets. 

After these issues were observed in the dataset, another literature survey also revealed 

that such issues exist nearly all national datasets. Therefore, we proposed a multi-step 

feature engineering methodology including data encoding, data scaling, dimension 

reduction, and data resampling. For dimension reduction we also implemented PCA as 
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one-hot encoding resulted in a huge dimensionality. This becomes more crucial solution 

in Model 1 since in this model GA was also employed for parameter tuning. Without PCA 

application, the computational load would be significant burden. Another option could 

have been not employing one-hot encoding, but in this case, the misinterpretation of the 

model could have been a significant barrier (if label encoding was employed) regarding 

performance of the models. 

With the recorded accident dataset, it was realized that the number of occupational 

accidents can be predicted through time series analysis. A comprehensive literature 

survey revealed that such a time series analysis has not been performed in the literature 

yet. Therefore, by using three commonly used regression models (ANN, MARS, SVR), 

we developed a time series prediction model in Model 2 for short-term, mid-term and 

long-term time periods, 1-day, 7-day, and 30-day ahead, respectively. By using the 

proposed model, safety authorities can develop nation-wide action plan before the most 

risky periods throughout a month. Stand-alone model results show that MARS, ANN, and 

SVR were the most powerful regressors regarding short-term, mid-term and long-term 

projections, respectively. 

After performing time series analysis, it was observed that the prediction power was 

relatively low regarding any method (ANN, MARS, SVR) and projections (1-day, 7-day, 

and 30-day ahead). A literature review showed that DWT can be used effectively to divide 

time series data into its scale components. With DWT, seasonality, cycling, and trend in 

time series data can be considered and separated. With this insight, subcomponents can 

be predicted differently and them summed, leading to overall projections. This hybrid 

methodology has not been acknowledged in the construction safety literature. Findings 

show that W-ANN was the most powerful hybrid algorithm regarding 1-day and 7-day 

ahead, while it was that of W-MARS regarding 30-day ahead projection. Performance of 

the models were calculated as significantly high regarding T+1 and T+7 projections with 

NSE value of 0.9275 and 0.7678, respectively. 

As mentioned before, there has been several issues related to the collected dataset. There 

are many preprocessing steps available and used in the literature. However, many options 

can be considered in prediction models. For instance, RUS, ROS and SMOTE are 

commonly used data resampling methods. Still, identifying the most appropriate data 

resampling method is essential. Therefore, comparative analysis of resampling methods 

was a proper research direction in this regard. On the other hand, there are also many 
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options in other preprocessing steps. For example, MinMaxScaler and StandardScaler are 

two commonly used data scaling options. Similarly, applying data binning and not 

applying data binning are two potential alternatives to consider numerical features. 

Moreover, there are various missing data handling or outlier handling strategies. Despite 

comparative analysis of these algorithms can be useful, a scenario-basis automated 

preprocessing model that identifies the best preprocessing pipeline is essential, and has 

not been considered in any domain. Hence, in Model 3, we developed a scenario-based 

automated data preprocessing model to identify the most effective preprocessing step in 

construction safety management. The findings highlight the following pre-processing 

pipeline: (i) including categorical missing data as “other”, and numerical missing data as 

the mean of the feature, (ii) not considering data binning, (iii) not considering outlier 

handling, (iv) applying MinMaxScaler as a data scaling, (v) using one-hot encoding for 

all the categorical features, and (vi) resampling the dataset with ROS algorithm. However, 

it was also found that RUS algorithm was more powerful in recognizing minority class 

instances. Since the main objective of such prediction studies was to detect minority class 

instances (such as fatality), RUS can also be used confidently for future accident 

projections. 

Among these preprocessing steps, data resampling has always been one of the central 

topics that received considerable attention. Therefore, we developed a model to predict 

occupational accident outcomes based on national data using ML methods coupled with 

several resampling strategies. In this regard, one ML method in each ML family (RF, NB, 

ANN, and KNN from tree-based, probability-based, network-based, and distance-based 

families) was coupled with 3 most commonly used data resampling methods (RUS, ROS 

and SMOTE) resulting in 12 prediction results. In this way, each ML family and their 

performance in varying resampling methods was investigated. Findings highlight that RF 

algorithm was the most powerful ML method if the dataset is resampled with RUS or 

ROS algorithms. On the other hand, ANN was the most proper option for datasets 

resampled with SMOTE algorithm. Overall findings highlight that the RF coupled with 

RUS achieved the highest prediction power. 

Findings emerged from this thesis indicate significant improvements in the safety 

management applications in the construction industry. The following conclusions, 

recommendations, and corresponding future research directions are derived from this 

thesis. 
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• The findings indicate that RUS and ROS are promising resampling methods, 

which can be applied in construction sites to identify the susceptibility of 

construction workers to occupational fatalities. It is important to note that 

imbalance in the class distribution might be significantly high in construction 

accidents and according to the dataset collected from the SSI, there are more than 

a hundred non-fatal accidents for each fatal accident. Therefore, data resampling 

needs to be carefully considered by construction professionals to predict potential 

accident outcomes of construction workers. In this vein, despite SMOTE showed 

low prediction accuracy, there are other SMOTE-based resampling methods. 

Therefore, a comprehensive and comparative study on the resampling methods 

would be very beneficial for research society and practice. Hence future research 

may consider comparing the following resampling methods: RUS, ROS, SMOTE, 

CUS, COS, CCUS, BL-SMOTE, SVM-SMOTE, KM-SMOTE, SMOTE-NC, 

CB-SMOTE etc. Such research would be very beneficial for the research society 

in addressing the performances of any resampling methods. 

• It was found that tree-based algorithms, particularly RF and XGBoost were highly 

preferable compared to other methods. In addition to high performance of tree-

based methods, they can provide attribute importance, which might enhance the 

visibility of the proposed models. Therefore, comparative analysis of tree-based 

algorithms would be fertile area for improvement not only in construction safety 

management domain, but also other research areas of construction management. 

• As one of the metaheuristic optimization algorithms, GA showed effective 

configurations in the ML model setup. Therefore, performance of other 

metaheuristics such as particle swarm optimization, bees algorithm, grey wolf 

algorithm, cuckoo search algorithm, and ant colony algorithm would be an 

interesting future research are to observe which ML method can be optimized with 

less computational load with which metaheuristics. However, it needs to be 

mentioned that, computational speed is lowered once the dimension and instance 

in the dataset increases. In this case, applying PCA for dimension reduction and 

resampling the dataset with RUS algorithm can be a proper solution. 

• Adopted features are limited to the dataset collected from SSI. However, 

exploring accidents with more features that define the work environment, 

hazardous condition, and OHS applications might increase the prediction 
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performance. Since high performances were already achieved within this thesis, 

it is expected that OHS departments of construction companies can detect severe 

accidents with very high accuracies before they occur with additional attributes. 

In this vein, policy-makers and decision-makers are suggested to collect more 

explicit features (such as workers PPE use, hazardous condition, risky events, last 

OHS training of workers, number of OHS staff per worker etc.) from construction 

companies. Additionally, probably more practicable prediction scheme would be 

accident vs non-accident classification approach. Because, despite preventing 

fatal accident is one of the most significant performance indicators of safety 

management applications, preventing accident occurrence were always desired by 

safety managers. Therefore, accident vs non-accident classification would be 

highly interesting and contributing research area. However, no accident data is not 

recorded in construction projects. Hence, SSI might require construction 

companies to report a non-occupational accident instance for each recorded 

occupational accident. In this way, we can observe in what situations occupational 

accidents occur. We believe that such a prediction model would contribute a lot 

to the body of knowledge. 

• Although distinctive progress has been made in safety management applications 

over the last decades, construction industry still accounts for a considerable 

percentage of all workplace fatalities across the world. In this vein, proactive 

prediction models (whether daily or monthly) may help detect potential risky 

cases and/or workers and take corresponding preventive measures. Therefore, 

using prediction models to detect potential accidents can be regarded as a 

prequalification criterion in public projects (as it is done for BIM utilization in 

some countries) to improve their safety performance. Particularly in mega 

projects, where workers and reasonably occupational accidents are higher than 

other projects, prediction models not only provide OHS professionals with 

important feedbacks regarding dangerous environment, time period, particular 

working conditions etc., but also present improvements in national or firm-level 

safety know-how. 

• Time series analysis results show that number of occupational accidents can be 

predicted based on past accident records. As a future research direction, other 

national variables that are recorded in a discrete intervals can be used to predict 
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future accident records. In this way, we can learn which national statistics, indices 

or variables are more influential in occupational accidents.  

• The results also addressed pre-processing steps have significant impacts on the 

ML model performances. Therefore, despite some particular options were 

investigated regarding six consecutive preprocessing steps, the practicality of 

other potential methods such as RobustScaler in data scaling, applying 5 fins or 

20 bins in data binning step, imputing missing data with ML methods in missing 

data handling step, and resampling the dataset with other resampling methods 

(CUS, COS, BL-SMOTE) can be explored with improved methodological 

background. In this thesis, a novel comprehensive pre-processing approach has 

been proposed and improvement in this model would contribute a lot to the data 

science. 

• Living in the era of data, it was found that each piece of information is important 

in terms of safety outcomes, regardless of their quality. Therefore, policy-makers 

should develop strategies to support construction companies to record and inform 

all accident instances. Particularly SMEs in developing countries are thought not 

to record all accident instances. Here, examining the reasons of why some 

companies do not record safety-related data might be another research area fertile 

for expansion. 

• Material-used, time of the accident, and age of the worker are significant 

precursors of occupational accidents. Therefore, construction workers should be 

trained based on specific materials they use and particular time period they work. 

Additionally, it was well documented in the literature and recognized in the 

dataset that older workers are more prone to experience severe accidents 

compared to their younger counterparts. Main reason for this was addressed to be 

lowering sensory and physical capabilities of older workers. Therefore, periodic 

safety training of older workers should be more frequent than present. 

• In this thesis, four prediction models were presented such as permanent disability, 

daily accident, severity, and fatal vs non-fatal. However, there are other 

classification outputs that might be used proactively and confidently. For instance, 

the most risky month, the most risky time period, and the most risky working days 

of the workers can be predicted to improve safety management applications. Still, 
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it is important to mention that in order to develop a prediction model with high 

accuracy, we need additional and more representative features in this regard. 

Overall, this thesis showed the potential of using national dataset in safety management 

applications in the construction industry. Several data-driven safety management 

frameworks were proposed to be used in construction sites in different time horizons 

(daily or monthly). In the era of big data, data-driven safety management applications are 

expected to increase, and proposed frameworks can be regarded as milestones in effective 

safety management application. automation in construction. By adopting the proposed 

methodologies, the worker, accident, and no-accident data can be acquired dynamically, 

which can present a proactive means to detect future accidents, some of which might be 

prevented. 
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