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ABSTRACT 

The essence of this study was to assess the accuracy of a newly developed model for occupational accidents  

prediction, hence ensuring workplace safety. This artificial intelligence model is to meet real-time industrial 

needs. To achieve this, accident history was collected from OSHEA which comprises data on worker 

experience, lighting condition, use of PPE, weather condition, age of machine, Economic Loss. The data 

obtained from OSHEA was preprocessed to ensure data uniformity and thereafter, trained with the algorithm to 

develop an ANN model for accident prediction. The model was trained and validated in a repetitive pattern, 

until the model yielded the desired output. The training process was carried out in 50 Epochs for both training 

and Validation. The model was thereafter tested with unseen data, which was able to give a prediction with an 

accuracy of 97.78%. The results obtained during training, validation and testing recorded high accuracy. The 

accuracy, losses, RMSE, MSE for both training and validation were established. The values of Precision, F1-

score and Recall were also obtained. However, the system had a training accuracy of 100%, which shows how 

well the neurons were able to learn the features on the dataset, while the test accuracy of the model was 

97.78%. The F1-Score, Recall and Precision values were 0.9767, 0.9545 and 1.0000 respectively. This means 

that the newly developed artificial intelligence model was able to correctly predict 97.78% of the accidents 

cases correctly, during Testing. The evaluation of the results indicates an exceptional performance, with near 

perfect scores across all metrics. From the evaluation of the newly developed artificial intelligence model, the 

model can be seen as a great addition to the body of knowledge. The ANN model developed in this study can 

therefore assist safety engineers, and facility managers in identifying hazards before they escalate into full 

accidents. 

Keywords: Assessment; accuracy; Safety; Artificial Intelligence, Newly Developed Model; and Environment.  

INTRODUCTION 

Construction industry is of great significance when it comes to securing the premises for a functional society. It 

contributes substantially to economic growth through building, infrastructure and industrial construction as 

well as real-estate development, creating many jobs along the way. However, construction industry is 

unfortunately also one of the most dangerous industries due to many fatal accidents at workplace caused by 

safety hazards on the construction site (Hämäläinen, Takala and Saarela, 2006; Mesaros, Spisakova and 

Mackova, 2019; Pinto, Nunes and Ribeiro, 2011). Worksite accidents and poor occupational health cause 

intolerable humanitarian and economic burden, massively taking a toll on sustainable economic growth and a 

company’s reputation (International Labour Organization, 2014). The physical environment on construction 

sites is constantly changing due to the complexity and dynamic nature of construction projects, often creating 

coordination challenges, which explains the premises for frequent worksite accidents in construction. 

Moreover, physically demanding working conditions, often including work at great heights or working 

outdoors in all weather conditions, contribute to high occupational safety risks in the industry, therefore 

requiring more effective safety management (Rozenfeld et al, 2010; Törner and Pousette, 2009). According to 

the International Labour Organization (ILO), the construction industry has a disproportionately high rate of 

recorded accidents worldwide. Each year over 60 000 fatal accidents take place on construction sites around 
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the world, and although the construction sector employs between 6% and 10% of the workforce in 

industrialized countries, it is responsible for between 25% and 40% of work-related deaths (International 

Labour Organization, 2005). In fact, construction workers are three to four times more likely than other 

workers to die from accidents at work according to data from several industrialized countries (International 

Labour Organization, 2009). In Finland, the frequency of accidents on construction sites has continuously 

decreased over the last few decades according to statistics (Confederation of Finnish Construction Industries, 

2022; Finnish Centre for Occupational Safety, n.d.; Lantto and Räsänen, 2019). Furthermore, severe and fatal 

accidents on worksites in the construction industry have likewise taken a downward trend over the last few 

decades, although there is annually a lot of variation in the number of fatal accidents on construction sites per 

year (Confederation of Finnish Construction Industries, 2022; Lantto and Räsänen, 2019). While construction 

industry is the most dangerous compared to other industries suffering from high frequency of accidents at 

work, occupational safety has also progressed most significantly in the construction sector (Lantto and 

Räsänen, 2019). Some of the most prominent causes behind this change are a positive shift in safety culture 

and attitudes towards occupational safety in the construction industry, improved development and use of 

protective equipment and the efforts of construction companies to improve occupational safety (Lantto and 

Räsänen, 2019). However, there is still a lot that could be done to improve the safety and accident prevention 

on construction sites. Industry professionals believe that majority of the worksite accidents happening to this 

day, if not all, could be prevented (Immonen M, 2015)          However, there is still a lot that could be done to 

improve the safety and accident prevention on construction sites. Industry professionals believe that majority 

of the worksite accidents happening to this day, if not all, could be prevented (Immonen, 2015; Leskinen, 

2018; Loukkola, 2013), which has sparked initiatives for zero worksite accidents in construction sector and the 

ideology that all worksite accidents are unacceptable, unnecessary and preventable (Confederation of Finnish 

Construction Industries, 2015; Lantto and Räsänen, 2019). Moreover, according to the International Labour 

Organization, ‘those who sustain their efforts to prevent occupational accidents and diseases will find their 

efforts rewarded’ (ILO, 2014,). This is highlighted by the fact that poor occupational safety and health (OSH) 

practices and substandard safety culture cause significant economic losses for enterprises and societies, such as 

lost productivity and decreased work capacity, which contribute to the estimated loss of four percent of the 

world’s gross domestic product (GDP), lost due to various direct and indirect costs like compensation, medical 

expenses, property damage, lost earnings and replacement training (ILO, 2014). The urgency and need for 

accident prevention have been widely recognized in the industry. At one of Finland’s most prominent 

construction companies many measures have been taken and new technology has been implemented to 

improve work safety on construction sites. Nevertheless, there is still a lot of room for improvement especially 

in real-time risk-assessment and proactive risk-mitigation to ensure construction workers’ safety. According to 

a report published by Finnish Institute of Occupational Health (TTL), the use of AI to develop diagnostic and 

predictive models may be the next revolutionary advancement for occupational safety in the construction 

industry (Lantto and Räsänen, 2019). However, the need to establish the accuracy of a newly developed AI 

model for accident prediction in a work place cannot be overemphasized. This will go along way in preventing 

accidents when deployed (Udoumoh, 2026).  

Many industries rely on traditional safety measures that react to accidents rather than predict them. Current 

systems may fail to account for dynamic variables such as environmental changes, human behavior, and 

equipment malfunction, which often lead to accidents. This reactive approach creates a critical gap in 

workplace safety management. The study investigates how AI technologies can bridge this gap by enabling 

predictive and preventive safety strategies using developed models with high predictive capacities to predict 

accidents in the work place. 

The significance of this study lies in its contribution to both theory and practice in the field of occupational 

health and safety through the application of Artificial Intelligence. The research provides practical insights into 

how AI, particularly Artificial Neural Networks, can be employed to predict workplace accidents before they 

occur, thereby transforming safety management from a reactive approach to a proactive and preventive system. 

By demonstrating the effectiveness of AI-driven accident prediction, the study offers a viable technological 

solution for reducing injuries, equipment damage, downtime, and associated economic losses in engineering 

workshops and construction environments. 

https://rsisinternational.org/journals/ijrsi
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From an academic perspective, this study contributes to the growing body of knowledge on the application of 

AI in industrial and engineering contexts. It advances scholarly discourse by integrating human, 

environmental, and mechanical risk factors into a single predictive framework, addressing gaps in existing 

literature that often examine these variables in isolation. The research also provides a validated methodological 

approach to data preprocessing, model development, and performance evaluation that can serve as a reference 

for future researchers in occupational safety, engineering management, and applied artificial intelligence with 

high predictive capacity (Udoumoh, 2026). 

The scope of this research is centered on the application of artificial intelligence, specifically artificial neural 

networks, for predicting workplace accidents in high risk industries, with particular emphasis on the 

construction and manufacturing sectors. These industries were selected due to their complex operational 

environments, high exposure to mechanical hazards, and historically high rates of occupational injuries. The 

study focuses on identifying patterns within historical accident data by incorporating human, environmental, 

and equipment related variables that influence accident occurrence. The research framework is designed to 

demonstrate the accuracy of the newly developed AI-driven predictive model and how it can support proactive 

occupational health and safety management in industrial settings (Udoumoh, 2026). 

The study primarily relies on secondary data sourced from established safety agencies and institutional records. 

This approach was adopted due to the practical and ethical challenges associated with accessing real-time 

operational environments, such as live construction sites or active manufacturing workshops, where safety 

risks and regulatory restrictions limit direct experimentation. While the use of secondary data enables large-

scale analysis and model training, it also introduces certain limitations related to data completeness, 

consistency, and accuracy. Some records may contain missing values, reporting bias, or inconsistencies in 

classification, which may influence model outcomes despite rigorous preprocessing efforts. These facts inform 

the need for assessment of the accuracy of the newly developed artificial intelligence model for accident 

prediction in the work place (Udoumoh, 2026). 

Another limitation of the study relates to data quality and standardization. Historical accident datasets often 

vary in structure, terminology, and measurement scales, particularly when compiled over multiple years or 

from different sources. Although data cleaning, normalization, and augmentation techniques were employed to 

mitigate these issues, residual inconsistencies may still affect the predictive performance of the model. 

Additionally, the reliance on reported incidents means that unreported or near-miss events were not captured, 

potentially limiting the comprehensiveness of the analysis. 

The objective of this work is to assess the accuracy of a newly developed artificial intelligence model for 

accident prediction in the work place. The model was developed and evaluated in an offline environment using 

historical data. As such, its real-world performance under dynamic operational conditions remains to be 

validated. Future studies incorporating real-time sensor data, on-site testing, and continuous learning 

mechanisms would further enhance the applicability and robustness of AI-based safety prediction systems.  

METHODLOGY 

Materials  

This study involves prediction of occupational accidents. The study developed a model using Artificial neural 

network. In this current study the newly developed artificial intelligence model for accident prediction in the 

work place is assessed for accuracy. See Udoumoh (2026) for details of the previous work. 

The following Materials were used in this research work in development of model for prediction of accidents. 

These were: 

1. Excel spreadsheet. 

2. Data of accident history. 

3. Personal computer. 

4. ANN Software 

https://rsisinternational.org/journals/ijrsi
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Experimental Process 

The process involves use of Artificial Neural Network in prediction of work place accident. Artificial neural 

network models are good in non-linear relationship applications, hence its choice in this research work. Dataset 

which comprises of occupation accident history from occupational organisation was used in data training and 

development of model. The accident history used in this study involve data on worker experience level, age, 

type of accident, severity, education, use of PPE (Personal Protective Equipment). This forms a dataset which 

is trained with the algorithm using Artificial Neural Network. This presents complexities which can only be 

handled by Artificial Neural Network. 

However, the performance of the model was also evaluated using tools such as Training and Validation 

accuracies and losses, F1-score, Recall and Precision. This gives an idea of how well the system performs 

during datatraining and also correlation between the seen and unseen data. This takes a step by step process 

which starts with formulation of dataset, pre-processing of dataset, preparation of algorithm, data training, test 

and evaluation of efficiency of the model.       

Furthermore, the efficiency of the model lies in the ability of the model to learn the features on the dataset – 

the weights and biases in the input data – and how well the learnable neurons are able to learn, understand and 

use the knowledge gained in prediction of accidents when faced with unseen dataset. Hence, the efficiency of 

the model was evaluated as a probability of making accurate prediction and also thereafter represented as a 

percentage. 

Back propagation Algorithm 

The study used a back propagation during data training. Back propagation means bacerrors. This enables the 

network to adjust itself iteratively to close the gaps between the predicted outcome and the actual output. This 

was done in the following ways: 

1. Ensuring that the performance of each layer is evaluated in a feed forward pass and the performance 

generated per neuron which helps in determination of the efficiency of the system. 

2. Use of loss functions in the calculation of errors, which quantifies the errors as losses. 

3. Backward propagation of the calculated errors – from the output to the input layer – which helps in 

computation of the gradient functions of the biases and weights, hence enabling the assessment of the 

contribution of each parameter to the overall system error. 

4. Adjustment of the weights and biases of the model using the optimization algorithm, which ensures that 

the neurons get to learn the features on the dataset, hence reducing the errors. 

RESULTS AND DISCUSSION 

As discussed in section 2, construction accident history was obtained from Occupational Safety and Health and 

Environment (OSHEA) site. The data obtained was pre-processed so as to ensure uniformity of the set. The 

dataset was further divided into three, with the training dataset accounting for 70% of the dataset, while 

validation and the Test set took 15%. 

However, the model was trained and validated in a repetitive pattern, until the model yields the desired output. 

The number of times a system was trained or validated is referred to as Epoch. The model had 50 Epoch during 

the training and Validation phase of the model, with a batch size of 32. 

This is the newly developed model that is evaluated in this work to determine the efficiency of the system. The 

metric tools used in this study were, training accuracy, validation accuracy, training losses, validation losses, 

Test accuracy and losses, Root Mean Squared error, Mean Squared error, F1-Score, and Precision. These 

metrices allows the efficiency of the system to be appraised – shows how well the system performed during 

training, validation and Testing of the model.  

The results showing Training and Validation accuracy is presented in Figure 3.1. 

https://rsisinternational.org/journals/ijrsi
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Figure 3.1: Graph of Accuracy against Epoch 

Source: Compiled by the Researcher. 2026 

Table 3.1: Performance of the Model during 50 Epochs 

Epoch  Training 

Accuracy 

Area 

Under 

Curve 

Training 

Loss 

Mean 

Squared 

Error 

Validation 

Accuracy 

Validation 

AUC 

Validation 

Loss 

Validation 

MSE 

1 0.5487 0.6507 0.6767 0.2422 0.7111 0.9951 0.5558 0.1854 

2 0.763 0.9872 0.5214 0.1707 0.8667 1 0.4196 0.1268 

3 0.8929 0.9987 0.383 0.1133 0.8889 1 0.3153 0.0904 

4 0.9731 1 0.2574 0.0664 0.9111 1 0.2314 0.0631 

5 0.9895 1 0.1872 0.0446 0.9333 1 0.1649 0.0432 

6 1 1 0.1152 0.0221 0.9333 1 0.1163 0.0302 

7 1 1 0.071 0.0114 0.9333 1 0.0831 0.0218 

8 1 1 0.0579 0.0083 0.9556 1 0.065 0.018 

9 1 1 0.0363 0.005 1 1 0.0545 0.0159 

10 1 1 0.0211 0.0021 0.9556 1 0.0503 0.0156 

11 1 1 0.0131 0.00087 0.9556 1 0.0481 0.0155 

12 1 1 0.0102 0.00066 0.9556 1 0.0473 0.0157 

13 1 1 0.0087 0.00053 0.9556 1 0.0445 0.0147 

14 1 1 0.0072 0.00037 0.9778 1 0.04 0.0128 

15 1 1 0.0057 0.00041 1 1 0.0357 0.011 

16 1 1 0.0052 0.00018 1 1 0.0329 0.0098 

17 1 1 0.0032 0.00009 1 1 0.0309 0.009 

18 1 1 0.0038 0.0002 1 1 0.0315 0.0094 

19 1 1 0.004 0.00017 1 1 0.0328 0.0101 

20 1 1 0.0021 4.1E-05 1 1 0.0337 0.0106 

21 1 1 0.0022 0.00007 0.9778 1 0.0342 0.0109 

22 1 1 0.0041 0.00039 0.9778 1 0.0349 0.0112 

https://rsisinternational.org/journals/ijrsi
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23 1 1 0.00097 7.9E-06 0.9778 1 0.0361 0.0119 

24 1 1 0.0011 1.4E-05 0.9778 1 0.0358 0.0118 

25 1 1 0.0011 1.4E-05 0.9778 1 0.0341 0.011 

45 1 1 0.00026 4.2E-06 0.9778 1 0.0309 0.01 

46 1 1 0.0006 1.1E-05 0.9778 1 0.03311 0.0101 

47 1 1 0.00054 6.7E-06 0.9778 1 0.0337 0.0113 

48 1 1 0.0017 6E-05 0.9778 1 0.0354 0.0122 

49 1 1 0.00023 8.6E-07 0.9778 1 0.0355 0.0122 

50 1 1 0.00053 1.1E-05 0.9778 1 0.0346 0.0118 

Source: Compiled by the Researcher. 2026 

The Test Set was evaluated and the results is as presented in Table 3.2.  

Table 3.2: Model Evaluation on Test Set 

S/N Metric Value  

1 Accuracy 0.9778 

2 Precision 1.0000 

3 Recall  0.9545 

4 F1-Score 0.9767 

5 AUC Score 1.0000 

Source: Compiled by the Researcher. 2026 

DISCUSSION 

The results presented in Table 3.1, and Table 3.2 shows respectively, Summary of values of key metrices in 

each Epoch and the Test results of the model. The full presentation of accuracy and losses during training and 

validation, as well as Mean Squared and Root Mean Squared Error are presented in Udoumoh (2026). The 

system Epoch refers to the number of iterations – number of times the training and validation of the system 

was done. 

The accuracy of this study is 0.9778 (97.78%) while the accuracy of the Effeng et al (2023) was 98%. 

Additionally, the study of Habibzadeh et al (2024) on Presentation of Artificial Neural Network Models Based 

on Optimum Theories for Predicting Accidents Severity on Rural Roads in Iran also followed similar trend and 

recorded an accuracy of 91.2%. 

Training and Validation Accuracy 

The model had performed well during the Training and Validation in each of the iteration. This is as shown in 

Table 3.1. 

However, from Figure 3.1, it can be seen that the graph of Accuracy against Epoch follows a progressive path 

and in trend. 

(i)  Training Accuracy 

The accuracy during training depicts how well the neurons had learnt the features on the dataset. It shows how 

well the training process went. From Table 3.1 it can be seen that the training accuracy of the first Epoch was 

0.5487, which corresponds to 54.87%. The second Epoch recorded an accuracy of 0.7630, with the accuracy 

increasing progressively as the number of Iterations increases. 

https://rsisinternational.org/journals/ijrsi
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However, the training accuracy reaches 1.0000 in Epoch 5. This corresponds to a 100% accuracy. This value is 

maintained to the end of the training period. This shows that the features on the dataset were well learnt by the 

neurons and that the training process proceeded smoothly. 

Furthermore, a close look at Figure 3.1 reveals that the trend seen in Table 3.1 is well modelled in the graph, 

which further lays credence to the efficiency of the training process. 

(ii) Validation Accuracy 

The training process was also tested on how well it could perform on unseen data, hence the validation 

accuracy. The validation accuracy of the model is presented in Table 3.1 and also presented in graphical in 

Figure 3.1. 

The validation accuracy of Epoch 1 was 0.7111 which corresponds to 71.11%. The validation accuracy of first 

four Epochs were 0.7111, 0.8667, 0.8889 and 0.9111, corresponding to an accuracy 71.11, 86.67, 88.89 and 

91.11 in percentage. However, the accuracy of the model recorded a peak value of 1.000 in Epoch 9, 

corresponding to a 100% accuracy. 

Moreso, there was a decrease in the validation accuracy in Epoch 21, recording a value of 0.9778. This value 

was maintained till the end of the validation period, hence, the system accuracy. 

Additionally, validation accuracy was also represented as a plot, as shown in Figure 3.1. The graph shows a 

progressive increase in the values, but however occasioned with few spikes. These spikes occurred as a result 

of batch training. 

However, the significance of the results of the validation accuracy is that there was no overfitting, hence the 

high validation accuracies.  

Training and Validation Loss 

The results of the training and validation losses are presented in Table 3.1. 

(i) Training Loss 

The values obtained in Table 3.1 shows that the model’s losses were on the high in the beginning stage of the 

training and decreases continuously with each iteration. The model recorded 67.67%, 52.14%, 38.30%, 

25.74% and 18.72% in the first five Epoch, hence a steady decrease in the value. The values recorded in the 

last five Epochs were; 0.00059931, 0.00054241, 0.0017, 0.00022972 and 0.00053192. It can be seen that the 

values of the last five Epochs gradually approaches 0. This shows how efficient the training process went. It 

means that there were no untrained neurons during the training period, hence the low values of losses. 

(ii) Validation Loss 

The losses recorded during validation of the model takes similar path as that of the training losses, thus giving 

similar trend. The validation loss of Epoch1 was 0.5558. The values of the succeeding losses were 0.4196, 

0.3153, 0.2314 and 0.1649 in Epochs 2,3,4 and 5, which shows a decreasing trend. This trend (decrease) 

continues until a value of 0.0346 is recorded in Epoch 50, which corresponds to 3.46%. 

Furthermore, the low score recorded in validation accuracy shows that the model was able to learn, understand 

and apply the knowledge learnt in an unseen data. Also, the training and validation losses remains very close to 

each other which means that there was minimal overfitting (Udoumoh, 2026). 

3.2.3     Implication of the Results 

The performance of the study was evaluated on various indices. The summary of the newly developed artificial 

intellegence model performance is as follows: 

https://rsisinternational.org/journals/ijrsi
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1. Accuracy: the model recorded an accuracy of 0.9778 (97.78%), indicating that 97.78% of all predictions 

were correct. 

2. Precision: the model recorded 1.0000 precision score. This means that the model an accident (class 1) 

correctly, without any false positive. 

3. Recall: the model had a recall value of 0.9545. This means that the model was able to correctly identify 

95.45% of all actual accident cases. This indicates a very low rate of false negatives. 

4. F1-Score: the model had an F1-Score of 0.9767. This value is a harmonic mean between the Precision 

score and the Recall score. This shows a high balance between the two metric values. 

5. AUC Score: the model recorded an AUC score of 1.0000. This means that the model is capable of 

distinguishing between positive and negative classes. It also means that the model rank accident cases 

higher than non-accident cases. 

6. Confusion Matrix: confusion matrix represents the prediction outcomes. However, during prediction, the 

model correctly predicted 21 accident cases, while the system correctly identified 23 non-accident cases. 

The model did not falsely predict any non-accident cases as accident (Actual 1, Predicted 0). In False 

negative, the model incorrectly predicted 1 actual accident case as accident (Actual 1, Predicted 0). 

The evaluation of the results indicates an exceptional performance, with near perfect scores across all metrics, 

including the AUC and the Precision. The single false negative being the only error. The high performance can 

be attributed to careful data preparation, features (Economic Loss and Root cause score in synthetic non-

accident data) and the balanced nature of the dataset. 

From the evaluation of the newly developed artificial intelligence model, the model is robust, which is a big 

addition to the body of knowledge, hence, could be deployed in an industrial level in predicting accidents 

based on the provided features.  

Validation of the Results 

The efficiency of the study was established which gives an insight to the effectiveness of the newly developed 

artificial intelligence model. The model was also validated comparatively using previous studies on Accidents 

and Artificial Neural Network. The study was compared to previous studies on Predicting types of 

Occupational Accidents at Construction Sites in Korea using Random Forest Model by Ryu and Kang (2019), 

Presentation of Artificial Neural Network Models Based on Optimum Theories for Predicting Accident 

Severity on Rural Road in Iran by Habibzadeh et al (2024) and Application of Stochastic Gradient Boosting 

Approach to Early Prediction of Safety Accidents at Construction Site by Shin (2019). The summary of the 

accuracy of these models is presented in Table 4.4. 

Table 3.3: Comparison of the Study with Previous Work 

References  Approach  Feature Accuracy  

Shin (2019) Stochastic  Pixel Based 76.7% 

Kang (2019) Random Forest Pixel Based 71.3% 

Habibzadeh et al (2024) ANN Pixel Based 91.25% 

Proposed Model  ANN Pixel Based 97.78% 

Source: Compiled by the Researcher. 2026 

From Table 3.3, it can be seen that ANN models recorded high accuracies which underscores the effectiveness 

of the ANN tools, as a potent tool in problems involving non-linear relationship. 

However, these are related works on Accident prediction modelling. The work of Habibzadeh et al (2024) was 

https://rsisinternational.org/journals/ijrsi
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on Road Accident prediction, using the ANN model which is closer to the study, with the difference being that 

the model developed in this study was to address workshop based model. Habibzadeh et al (2024) had an 

accuracy of 91.25%. Other studies were Shin (2019) with an accuracy of 76.7%, which was a stochastic model 

, Ryu and Kang (2019) with an accuracy of 71.3% using a Random Forest Method. 

Furthermore, the result obtained in this study was similar to that of previous studies, but with a better accuracy. 

Also, the narrow gap between training accuracy and validation accuracy gives further prove that there was no 

overfitting in the system, hence making it a robust model (Willquist, and Törner, 2003). 

CONCLUSION 

The study ‘’Assessment of the Accuracy of a Newly Developed Artificial Intelligence Model for Accident 

Prediction in the Work Place’’ has been carried out and the findings of this study conclusively demonstrate that 

the newly developed Artificial intelligence Model is highly effective in predicting workplace accidents within 

engineering environments. Other conclusions drawn from the study are: 

i. The model achieved a high prediction accuracy of 97.78%, alongside perfect precision and an AUC 

value of 1.000.  

ii. The low values of loss, mean squared error, and root mean squared error further confirmed the 

robustness and stability of the model, indicating that it effectively captured the complex non-linear 

relationships inherent in construction safety data. 

iii. The results clearly showed an excellent performance across all evaluation criteria. The close alignment 

between training, validation, and testing results demonstrated that the model did not suffer from 

overfitting and was capable of making reliable predictions on unseen data.  

iv. The reliability of the model has provided insight into the relative importance of each contributing 

factor, thereby enhancing transparency and practical usability. 

v. By accurately distinguishing between potential accident and non-accident scenarios, the system enables 

early identification of hazards and timely intervention before incidents occur. This represents a 

significant shift from traditional reactive safety practices to a proactive, data-driven safety management 

approach. 
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