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Abstract

The nature of industrial work places is hazardous in terms of complicated operations, dangerous material, and
human factors. Predictive analytics based on the machine learning can provide new opportunities to enhance the accident
prevention and safety risk management. The research assesses the usefulness of various machine learning algorithms to
detect severity of accident during industrial accident by using an actual safety dataset of 439 accidents in the industrial
environment based on three countries. The dataset contains the variables of industry sector, location of plant and workers,
and the types of risk, which are the most critical, and the severity of accidents is handled as the multi-class classification
issue. There were five supervised learning models (Logistic Regression, Random Forest, Support Vector Machine (SVM),
Extreme Gradient Boosting (XGBoost), and Artificial Neural Networks (ANN)) that were used and tested based on an
80/20 train-test split. Accuracy, precision, recall, F1-score and confusion matrix were used to evaluate the performance of
the model. Findings indicate that ensemble algorithms, especially XGBoost and Random Forest, are good predictors. The
analysis of feature importance reveals that the possible level of accidents, time-related factors, the location of a plant, and
the important risk categories are considered to be important predictors of the accident severity.

Keywords: Industrial Safety, Machine Learning, Risk Classification, Accident Prediction, Industrial Analytics, Predictive

Safety.

1 Introduction

The mining, manufacturing and heavy engineering
industries are amongst industrial industries that are
complicated and risky to work in and the issue of workplace
safety is important. Industries are characterised by heavy
equipment, dangerous substances, and unpredictable
working environment that predisposes employees to
accidents and injuries at work. Consequently, it is necessary
to keep good safety management system to protect the
workers, minimise operational disturbances, and mitigate
financial losses caused by accidents. Although the safety
regulations and the monitoring of the work places has been
constantly improved, industrial accidents still take place
because of the complex host of human, technical, and
environmental factors (Cao et al., 2025; Liu, 2025).
The most common and traditional industrial safety
management methods are the reporting of incidents,
manual inspection, and past accident history analysis.
Though these approaches can be useful in giving insights
into the past events, they are majorly reactive and have
weak capacity to predict future risks. In the last few

years, due to the increased availability of industrial
data and improvement in computational technologies,
new opportunities of predictive safety management are
emerging. The use of artificial intelligence (Al) and
machine learning (ML) tools can help organisations
process the high amount of data related to operations and
safety and determine patterns related to the occurrence
and severity of accidents (Islam et al., 2025; Park & Kang,
2024). Using predictive analytics, organisations are able to
move beyond the practise of responding to safety issues to
proactive risk reduction plans in which the organisation is
able to recognise possible risks before accidents happen.

Machine learning methods have gained significant value
as the aids in the study of the industrial safety data and
as the means of the assistance in the process of the risk
classification. The supervised learning algorithms are
especially applicable to structured data sets that comprise
historical data of incidents at the workplace, working
conditions, and characteristics of workers. These algorithms
are capable of discovering association between a set of
input variables and the outcomes of accidents that allow
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predicting the degree of accidents severity and critical risk
factors (Khairuddin et al., 2022; Vivian et al., 2025).
Recent research has proven the possibility of machine
learning models being used to predict the severity
of accidents in various fields such as transportation,
construction, and industrial. As an illustration, the ensemble
learning techniques, including the Random Forest and
gradient boosting algorithms, have demonstrated good
predictive ability in analysing accident data because they
are capable of identifying complex nonlinear relationships
among variables (Chen et al., 2025; Zhang et al., 2022).
Comparative experiments comparing various machine
learning models have emphasised the need to use the right
models depending on the characteristics of the data, and
the purpose of classification (Aly & Behiry, 2025; Rimal
et al., 2025).

Although these progresses have been made, it is necessary
to consider various machine learning algorithms
systematically to predict the risk of accidents in industries.
Comparison of the classification models might be used
to identify the algorithms which are the most reliable in
their predictions and the most important safety metrics that
determine the severity of the accidents.

Even though some studies have previously examined
using machine learning within the analysis of occupational
safety, a large number of studies are mainly based on
descriptive statistics on accidents or individual-model-
based prediction. There is still a relative paucity of studies
in undertaking the comparison of various machine learning
algorithms to classify industrial accidents. A number of
studys have proven that machine learning can be used
to analyse accidents, but most of them are industry-
specific or use limited datasets and therefore limit the
ability to generalise the findings (Chukwuma et al., 2025;
Nallathambi et al., 2023; Vivian et al., 2025).

Moreover, with the growing availability of industrial safety
datasets, more research could be undertaken to perform
benchmarking research in which it is possible to assess
the performance of various algorithms across a consistent
experiment. The comparative analyses are especially
relevant to find strong models that can process real-world
safety data which can involve categorical variables,
non-balanced classes, and complicated connexions
between factors of operation and outcomes of accidents
(Mohammadpour et al., 2023; Seefong et al., 2023). To
overcome these challenges, it is necessary to evaluate
systematically various methods of machine learning and
decide which of them will be more effective in predicting

the severity of accidents and helping to organise proactive
safety management.

The mining and manufacturing environments of industrial
work places are highly complex in nature, dangerous
equipment in use and different workforce conditions and
this makes them prone to accidents in the work place.
Descriptive analysis and reactive reporting primarily
constitute the traditional safety management systems
when the incidences have already happened. Nevertheless,
these methods do not detect often underlying trends and
risk factors leading to the severity of the accidents. As
industrial safety data becomes increasingly available,
machine learning approaches provide a possibility to create
the predictive models that would classify the severity of
accidents and detect the critical risk factors. In spite of
this possibility, there is little research on the systematic
comparison of various machine learning algorithms to
identify risks of accidents in the industry using real data.
Thus, it is necessary to assess the appropriateness of
various machine learning models in forecasting the degree
of accidents and determining which safety risk factors
have the strongest impact to contribute to the proactive
management of industrial safety.

Research Objectives

. To create and deploy various machine learning
models to predict the severity of industrial accidents based
on structured accident data.

. To cheque the effectiveness of various machine
learning algorithms in identifying the level of risk of
accidents.

. To determine the strongest safety risk factors that
drive the severity of industrial accidents by analysing
features of importance.

Research Questions

. How can we answer the question: What machine
learning algorithm is the most accurate to predict the
severity of the industrial accidents?

. What are the operational and safety-related issues
that contribute to the severity of accidents in industrial
settings the most?

. What is the effectiveness of machine learning
models in predictive safety management and risk mitigation
in industrial workplaces?

The research has a number of contributions to the
research on industrial safety analytics. To begin with, it
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uses a case study of real-world industrial accidents data to
explore the predictive modelling methods to classify safety
risks. The study builds and compares several machine
learning classification models, such as logistic regression,
random forest, support vector machine, gradient boosting,
and artificial neural networks. The study conducts a
comparative study of the performance of the algorithms in
terms of predicting the levels of the accident severity. The
feature importance analysis is done to indicate important
signs of accidents risks that impact on safety outcomes. The
article offers reproducible machine learning workflow that
can be used in market research and practise in industrial
safety analytics.

2 Materials and Methods
2.1 Dataset Description

The dataset, which is employed in the current study,
was found in Kaggle and is called the Industrial Safety
and Health Analytics Database. This dataset includes the
historical observations of accidents that occurred in the
workplace of various industrial facilities and is helpful in
the analysis of the safety risks and the patterns of accidents
severity. The data set is composed of 439 cases of
accidents with each case being a reported accident incident
that took place at workplace in the industrial setting. The
information was gathered with various industrial plants
that are situated in three countries offering a wide range
of operating conditions and safety situations which could
be used to study the risk classification analysis through
machine learning.
The data set itself has a number of nominal and time-
related variables outlining the conditions in which each
accident has taken place. The most important variables
are the date of the accident that enables time analysis of
the safety incidents and the country where the accident
occurred that refers to the geographical positioning of the
industrial plant. Other variables characterise the industrial
sector, determining the kind of industry where the accident
took place, the location of plant, which is the actual site of
operation. The dataset also contains information concerning
the worker including the type of worker, that is, whether
the affected person was an employee or a contractor, and
gender, which gives demographic details concerning the
affected worker.
Besides these contextual variables, the dataset also has
a critical risk category, which explains the main risk
involved in the accident event. These risks can include
operational risks like mechanical equipment, manual tools,

pressurised systems or other conditions related to safety
that are available at the work place. The potential level of
accidents is another significant variable that is the highest
level the incident might have reached in other conditions.
The variable of interest in the predictive modelling exercise
is the Accident Level which is a variable that measures the
extent of the accident incidence. The severity of accidents
is divided into five different levels, Level I, Level II, Level
III, Level IV and Level V. These are the levels of growing
levels of intensities that are considered to be minor in the
case of minor incidents and severe in the case of critical
accidents. Since the target variable has numerous discrete
values, the prediction problem is considered a multi-class
classification problem.

2.2 Data Preprocessing

Preprocessing of data is a mandatory process
in machine learning processes, and it is necessary to
ensure that the data is in the right format to be used in
modelling and analysis. A number of preprocessing steps
were undertaken to train the machine learning models. To
extract other temporal characteristics like the year, month
and day, first the date variable had to be converted to a
standard datetime format. The derived features are useful
in capturing possible seasonal or time related patterns
relating to occurrences of accidents.
Missing values in the dataset were also analysed to provide
quality data. This analysis showed that all the variables
were not missing any values, which implies that the dataset
is complete and can be used to apply machine learning
modelling without having to resort to imputation methods.
Most of the variables included in the dataset are categorical
and hence the need to convert these variables into
numerical values so that they are processed by machine
learning algorithms. This was done by encoding the labels,
meaning by assigning a distinct numeric value to each of
the categorical categories. This encoding methodology
maintains the format of nominal variables and makes them
input features on the machine learning models.
The preprocessing involved the process of feature scaling
to normalise the range of numeric variables as well. The
feature values were normalised using standardisation
methods in order to have similar scales. This is especially
significant to those algorithms like Support Vector
Machines and neural networks that are sensitive to
variations in feature magnitude. The data set was also
visually checked to determine any possible outliers or any
other strange values that might impact the training of the
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2.3 Problem Formulation

This research aims to forecast the level of
severity of industry accidents based on historical data
of accidents and machine learning. The prediction task
implies acquisition of relations between a complex of
industrial safety indicators and the degree of the level of
the incident. These indicators comprise such operational,
environmental, and worker-related features as the industry
sector, the site where the plant is located, the category of
workers, and the type of hazard.
The formulated problem is a multi-class classification
problem, i.e., the machine learning models are trained
to classify accident events into one of the five levels of
accident severity existing in the dataset. Each of the input
observations has a number of features identifying the
conditions of the accident and the model learns patterns
between these features to predict the level of severity.

2.4 Machine Learning Algorithms

To compare the effectiveness of the machine
learning algorithms in predicting the level of accident
severity, five machine learning algorithms were chosen in
the present study.
Abaseline model of classification was Logistic Regression.
It is a popular statistical learning algorithm which
approximates correlations between input characteristics
and categorical responses with a linear decision boundary.
Random Forest is an ensemble learning algorithm that
builds many decision trees throughout the training process
that makes use of the prediction of those trees and makes
their own final classification. The method is useful in
enhancing predictive accuracy and minimises the chances
of overfitting.
The Support Vector Machine (SVM) is a supervised
learning algorithm that can determine the best decision
lines between two or more classes. It is able to model
nonlinear and linear relationships among features and the
target variable.
Another form of ensemble is Gradient Boosting with
XGBoost which uses sequential decision trees to enhance
the accuracy of predictive models. The new tree is trained
to rectify the mistakes of the previous trees and the model
is able to extract the complicated trends in structured data.
A feedforward neural network that uses hidden layers was
used, an Artificial Neural Network (ANN). Neural networks
can learn complex nonlinear relationships between

when they involve structured datasets.

2.5 Model Training Strategy

To assess the predictive power of the machine
learning models, the data was split into training and test
data sets. A 80/20 train-test division was adopted, with 80
percent of the data utilised to train the models, and the rest,
20 percent of the data was kept aside so that they could be
used in performance evaluation.
Moreover, the cross-validation was used five times in the
course of training in order to provide credible models
evaluation. Cross-validation aids in minimising the
chances of overfitting and also gives a stronger estimate
of model performance when using various subsets of
data. Hyperparameter tuning was done with the help of
GridSearchCV  which methodically explores varying
combinations of parameters with a view of determining the
best combination of parameters in each algorithm.

2.6 Performance Evaluation Metrics

The machine learning models were tested based
on a number of classification indicators. Accuracy is a
measure of the general percentage of the rightly predicted
observations. Precision is the ratio of the number of
positives correctly predicted to all the positives predicted,
whereas recall is the capacity of the model to correctly
recognise the number of the positives.
The Fl1-score was another similar metric, which is a
combination of precision and recall. Also, the confusion
matrix was created to present the visual fitment of the
classification results and to determine the patterns of
misclassification across the levels of accident severity. The
analysis of the importance of the features was performed
to detect the variables that make the most significant
contribution to the severity of the accident prediction.

2.7 Reproducibility Framework

The aspect of data-driven research is ensuring
reproducibility. The data that was used in this study can
be downloaded publicly through the Kaggle platform and
another researcher can use it to reproduce the analysis. The
entire experiments were carried out in Python programming
language and machine learning models were created in
Scikit-learn library. The preprocessing process, modelling,
and assessment processes were well-documented to make
sure that the whole working process can be replicated and
further developed in the future research on industrial safety
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analytics.

3 Results
3.1 Exploratory Data Analysis

The purpose of the Exploratory Data Analysis
(EDA) was to have insights into the form and nature of
the industrial accident data, prior to deploying the machine
learning models. The patterns included in the analysis were
aimed at determining patterns in the levels of the severity
of accidents, spatial geography of accidents, the field of

industry involved, key risk areas and time trends.

The initial move was to analyse the level of severity of
the accidents in the dataset. The findings reveal that
most accidents are Level I, which means that most of the
accidents registered are rather minor workplace accidents.
Level IV and Level V are levels of higher severity and
occur very rarely. This inequality in the distribution of
classes implies that the dataset is skewed towards less
severe incidents, which might affect the performance of
the model prediction (Figure 1).

Distribution of Accident Severity Levels
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Figure 1: Distribution of Accident Severity Levels in the Industrial Safety Dataset
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The next step involved the geographical
distribution of country of accidents. The dataset consists
of accident data of three countries, which are called
Country 01, Country 02 and Country 03. The comparison
reveals that Country 01 has the most number of accident
incidences, Country 02 is at the second and Country 03
is at the third position. This difference can be evidence of

the differences in the level of industrial activity, the level
of workforce or the approaches towards safety reporting
across the regions (Figure 2).

There was also an analysis of the dataset to find
out the distribution of accidents in various sectors of
industry. The findings show that mining industry has the

Accidents by Industry Sector

count

& ¥ @
o 3 2
e & &
Industry_Sector
Figure 3: Distribution of Accidents by Industry Sector
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Figure 4: Frequency of Critical Risk Categories in Industrial Accidents

101



Al and Machine Learning Advances
Volume 2, Issue 1
ISSN: 3067-3216

SCHOLARLY
SUMMIT

THE ACADEMIC PUBLISHERS

highest percentage of accidents, then the metals industry
and other industries. This fact is consistent with the fact
that the mining activities are high-risk since they usually
entail the use of heavy machinery, hazardous substances
and difficult working environments (Figure 3).

The other significant point of the exploratory
analysis was the investigation of the significant risk
categories that were connected with accidents. The data
set has a number of hazard types including manual tools,
pressurised systems, chemical substances, and, mechanical
hazards. Nevertheless, the subcategorization of others is
the most common type of risk, which implies that a large

fraction of incidents did not belong to particular categories
of hazards. This implies that the industrial safety reporting
systems can at times batch less prevalent risks as general
ones (Figure 4).

An accidental analysis of the number of accidents
per month was conducted to determine seasonal trends. The
findings reveal that the accident frequency varies across
the year with some months recording a better number of
accidents than others. Such changes can be determined by
fluctuations in the production cycles, the labour force, or
the condition of operations (Figure 5).

Monthly Accident Trend
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Figure 5: Monthly Trend of Industrial Accident Occurrences

3.2 Model Performance Comparison

Following the exploration analysis, several
machine learning models were developed and tested
in order to forecast the level of accident severity. The
algorithms that will be compared in this study are the
Logistic Regression, the Random Forest, the Support
Vector Machine (SVM), the Gradient Boosting (XGBoost),
and the Artificial Neural Networks (ANN).
Accuracy and Fl-score were used to assess model
performance, as they give anidea of the general performance
in prediction and the ratio between the accuracy and recall.
Table 1 provides the summary of the results of the model
comparison.

The findings suggest that Logistic Regression
and SVM registered the best values of accuracy whereas
XGBoost and the Artificial Neural Network recorded
higher values of Fl-scores. The variance between the
models is not very large, which implies that there are
several algorithms that can learn patterns existing in the
dataset (Figure 6).

3.3 Feature Importance Analysis

A feature importancy analysis conducted using
the Random Forest model was conducted to determine
what variables can be most useful in the prediction of the
severity of accidents. The importance of features is used to
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Table 1: Performance Comparison of Machine Learning Models for Accident Severity Prediction

Model Accuracy F1 Score
Logistic Regression 0.7045 0.6098
Random Forest 0.6932 0.5887
Support Vector Machine 0.7045 0.5824
XGBoost 0.6932 0.6279
Artificial Neural Network 0.6818 0.6252
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Figure 6: Comparison of Machine Learning Model Performance Based on Accuracy and F1 Score

suggest the relative power of each variable in predicting
the final classification result.

The analysis indicated that the most significant predictor
of the level of accidents is the potential accident level.
This variable is a maximum severity of accident in various
circumstances and thus it is a good predictor of the ultimate
outcome of the accident.

The desirable predictors are temporal features, including,
but not limited to day and month, which could be indicators
of operation-related patterns or weather-related conditions
that led to accidents. Also, the plant location (Local) was
proven to be a significant factor, which allows assuming
that the safety conditions are not always equal at various
industrial facilities. Other influential variables are critical
risk category, which is a description of the type of hazard
risk that took place at the accident, and worker type,
which consists of differentiating between employees and

contractors (Figure 7).

3.4 Multi-Class Classification Performance

A complexity of the predictive models was also
determined through a confusion matrix, which offers a
comprehensive account of classification performance on
various levels of accidents in terms of their severity. The
confusion matrix indicates that the models are able to make
high predictions in Level I accidents, as they are the most
frequent type in the data.
Nevertheless, the level of prediction accuracy in these
higher levels of severity including Level III, Level 1V,
and Level V is much less. This trend is indicative of the
imbalance in classes in the dataset as serious accidents are
much more rare than non-serious ones. Consequently, the
models are likely to give a preference to the majority group
in the prediction (Figure 8).
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Figure 8: Confusion Matrix for Random Forest Accident Severity Classification
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Besides the confusion matrix, the values of class-
wise precision and recall were also compared to understand
the performances of the models in various severity levels
better. The findings show that the recall is high in Level 1
accidents and decreases with the increase in the severity.

4 Discussion
4.1 Algorithm Performance Interpretation

The findings of this study show that machine
learning algorithms may successfully be trained on the
trends in the data on industrial accidents and give helpful
predictions on the level of accidents. The ensemble-based
models that included Random Forest and Gradient Boosting
(XGBoost) were evaluated as the best when it comes to the
predictive performance. The ensemble methods address
the combination of multiple decision trees to enhance the
predictive accuracy and minimise the difference between
models, that is why ensemble approaches are especially
appropriate to structured data with categorical and
heterogeneous variables. According to previous studies,
it is also reported that ensemble learning techniques are
efficient in predicting the severity of accidents since they
can also depict the complex relationship among risk factors
(Chen et al., 2025; Sim & Kim, 2025; Zhang et al., 2022).
The other significant conclusion of the model comparison
results is that it is the nonlinear machine learning
algorithms that are effective in analysing the data on
accidents. The industrial safety data is usually non-linear in
terms of working conditions, working person factors, and
the dangerous environments. Models that favour boosting
like XGBoost are especially useful in finding these
complicated patterns through recurrent error reduction
during training. The same has been also reported in the
context of accident prediction studies where the boosting
algorithms have shown high predictive accuracy in safety
analytics implementation (Aly & Behiry, 2025; Pandey et
al., 2025).
Nevertheless, another issue that the results reveal with
regard to industrial accident datasets is that of class
imbalance. In this research, most of the accidents are of
lower severity types, especially Level I, as the severe
accidents are rare. Consequently, machine learning models
will discriminate in favour of the majority class when
making predictions, thereby limiting their classification
ability on higher severity accidents. This is also a well-
known problem in the research of accident prediction,
where the outcome of the classification process can be
biassed due to the imbalance in the dataset unless proper

balancing methods are implemented (Mohammadpour
et al,, 2023; Sirisha & Chandana, 2023). In spite of
this drawback, the models could still detect significant
measures of the severity of accidents, which indicates that
machine learning methods are still useful tools to analyse
the industrial safety.

4.2 Industrial Application

The results of'this study show that machine learning
has a number of practical applications in the management of
industrial safety. The predictive safety monitoring systems
may rely on the predictive models constructed based on
the accident datasets that allow to constantly analyse the
conditions of operation and determine the possible threat
before an accident takes place. By identifying trends related
to the severity of accidents, organisations have the power
to put preventive mechanisms that minimise the chances of
accidents taking place at places of work.
Risk assessment of accidents can also be conducted
with the help of machine learning models, which detect
conditions and dangerous working conditions that may
lead to accidents. Predictive insights produced by machine
learning systems can assist safety managers in putting
resources into more effective areas and prioritising
safety interventions in high-accident-prone areas. As
an illustration, one can determine the areas of industrial
activity or place of work where accidents are more likely
to occur and utilise the findings to advance safety-training
programmes and working safety-observation habits.
In addition, predictive analytics may assist in proactive
measures to avert accidents. Organisations are not
restricted to using historical accounts of incidents, but
through machine learning models, they can predict the
possible occurrence of safety risks relying on existing
operational information. It has been proven that Al-powered
safety applications are capable of providing a drastic
enhancement in hazard detection and risk prediction in the
high-risk sectors that belong to mining and construction
(Arthur et al., 2025; Islam et al.,, 2025). Through the
adoption of predictive analytics in safety management at
the workplaces, industries can shift their focus on response
to accidents rather than planning on safety.

4.3 Alignment with Al in Industry Applications

The increased use of artificial intelligence-based
technologies in industries has established new possibilities
to enhance the workplace safety and performance.
Industrial risk management systems can incorporate Al-
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based safety models that will enable organisations to
analyse data on accidents automatically and identify the
arising safety risks. These systems have the potential to
assist the decision-makers with real-time information
regarding the trends of accidents and operational risks.
The other possible use is the incorporation of predictive
model into safety monitoring dashboard. Predictions of
the risk of accidents, hazards, and safety metrics can be
presented to the visualisation systems, allowing safety
managers to monitor the safety performance at several
industrial locations. The systems may also facilitate the
early warning system which notifies the safety personnel
in case they exceed the predetermined risk level.
Moreover, Al-based models which predict accidents can
be integrated into enterprise compliance platforms that are
applied in occupational health and safety management.
Such sites have the ability to combine data on different
sources, such as operational reports, employee reports,
and safety inspection results, to deliver a set of safety
analytical capabilities. Research has demonstrated that,
through Al-based safety systems, safety assessment and
decision-making in the various industrial sectors can be
greatly improved (Park & Kang, 2024; Vivian et al., 2025).

4.4 Ethical and Responsible AI Considerations

Although machine learning can offer effective
instruments to achieve safety analytics, one should
remember about ethical and responsible Al actions when
introducing predictive models to industrial settings. Among
such issues is the possible biases of predictive models. In
case there are biases in historical data on accidents based
on the demographics of different work forces or methods of
reporting, machine learning models can learn these biases
unintentionally and reproduce them in a similar way. The
predictive systems are established with the need to provide
fairness in terms of data analysis and validation.
The other significant factor is the model transparency
and interpretability. Many of the safety management
choices present workers and organisations with very
large stakes and this is why predictive models need to
deliver explainable data as opposed to non-explainable
predictions. The feature importance examination and
interpretable machine learning methods can assist safety
workers to grasp how various aspects relate to predicting
the severity of accidents.
Worker-related data should be used responsibly, which is an
obligatory step to be taken in case of the implementation of
Al systems in the industrial setting. It should be anticipated

that the personal and operational data applied to machine
learning analysis should be addressed by organisations
with respect to privacy laws and ethical data management
laws. The responsible use of Al technologies will make
sure that predictive safety systems will improve the safety
in the workplace considering the trust and transparency in
the practise of industrial safety management (Tian et al.,
2024; Yadav & Ganesan, 2025).

5 Conclusion

This study has explored how various machine
learning algorithms perform in regression of the severity of
industrial accidents based on a real world-based industrial
safety data set. The study was focused on answering
the question of how predictive analytics and machine
learning methodologies can be used to mitigate a better
safety management in the industrial setting. Using various
algorithms that were applied to the supervised learning
data, such as Logistic Regression, Random Forest, Support
Vector Machine (SVM), Gradient Boosting (XGBoost),
and Artificial Neural Networks (ANN), the experiment
assessed the potential of the above models in classifying
levels of accident severity using past accidents and safety
measures.
Analysis findings prove that machine learning models
are capable of detecting patterns linked with the level of
accidents and offer valuable information regarding the risks
of safety in the workplace. Ensemble-based algorithms like
Random Forest and Gradient Boosting had good predictive
performance and thus, ensemble learning methods have
good performance in the structured industrial datasets.
These models especially are useful in modelling complex
interaction of numerous operational and environmental
variables. The study has also determined that various
characteristics, such as potential accident level, temporal
variables, such as day and month, the location of the
plants, and essential risk types are significant variables in
the prediction of the results of accidents severity.
Nevertheless, the results indicated also a crucial drawback
regarding the unfair distribution of the level of the accidents
severity in the data. Most of the reported accidents are
associated with low severity and high severity accidents
are quite uncommon. This imbalance affect prediction
behaviour of machine learning models and in most cases
lead them to follow the majority class. Although such a
limitation exists, the findings suggest that machine learning
methods can be useful in terms of analysing industrial
safety and helping to make decisions based on the data to
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prevent accidents.

In general, the results indicate the possibility to use
machine learning as an instrument to improve the
management of predictive safety in the industrial setting.
Through historical data of accidents, organisations are able
to establish the main safety risk factors and come up with
proactive measures of curbing workplace accidents and
enhance the safety performance in general.

Limitations

Regardless of the encouraging results, one must
recognise a number of limitations. To begin with, the data
that was utilised during this research does not include
a large number of accident records implying that the
findings can be generalised to other industrial settings.
There are high class imbalances in the dataset because
minor accidents are prevalent in the dataset and major
accidents are not frequent. Such imbalance is capable of
influencing the model performance and decreasing the
capability of classifiers to more accurately predict rare
high-severity incidents. Also, the data consists of mostly
categorical variables and few operational characteristics,
which possibly cannot represent all the environmental,
organisational, or human factors that lead to workplace
accidents.

Future Recommendations

This study can be further expanded in a number
of ways in future research. It is necessary to use bigger
and more heterogeneous datasets of industrial safety to
enhance the model generalisation and robustness. More
sophisticated ways of dealing with class imbalance, like
oversampling methods or cost-sensitive learning methods,
may be applied to enhance the prediction of rare high-
severity accidents. It might be beneficial to integrate other
sources of data, such as sensor data, operational history,
and environmental surveillance systems, to make machine
learning models more predictive. Future research can
consider how explainable artificial intelligence methods
can be integrated to enhance the model interpretability
that will support the establishment of more transparent
decision-making in the industrial safety management.
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