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Preface

The volumes CCIS 1981 and 1982 contains the refereed proceedings of the III Inter-
national Conference on Optimization, Learning Algorithms and Applications (OL2A
2023), a hybrid event held on September 27–29.

OL2A provided a space for the research community in optimization and learning
to get together and share the latest developments, trends and techniques as well as
develop new paths and collaborations. OL2A had the participation of more than four
hundred participants in an online and face-to-face environment throughout three days,
discussing topics associated with areas such as optimization and learning and state-of-
the-art applications related to multi-objective optimization, optimization for machine
learning, robotics, health informatics, data analysis, optimization and learning under
uncertainty and 4th industrial revolution.

Six special sessions were organized under the topics Learning Algorithms in Engi-
neering Education, Optimization in the SDG context, Optimization in Control Systems
Design, Computer Vision Based on Learning Algorithms, Machine Learning and AI in
Robotics and Machine Learning and Data Analysis in Internet of Things. The event had
66 accepted papers. All papers were carefully reviewed and selected from 172 submis-
sions. All the reviews were carefully carried out by a scientific committee of 115 PhD
researchers from 23 countries.

The OL2A 2023 volume editors,
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Abstract. The Machine Learning approach is used in several appli-
cation domains, and its exploitation in predicting accidents in occupa-
tional safety is relatively recent. The present study aims to apply differ-
ent Machine Learning algorithms for classifying the occurrence or non-
occurrence of accidents at work in the retail sector. The approach consists
of obtaining an impact score for each store and work unit, considering
two databases of a retail company, the preventive safety actions, and
the action plans. Subsequently, each score is associated with the occur-
rence or non-occurrence of accidents during January and May 2023. Of
the five classification algorithms applied, the Support Vector Machine
was the one that obtained the best accuracy and precision values for
the preventive safety actions. As for the set of actions plan, the Logistic
Regression reached the best results in all calculated metrics. With this
study, estimating the impact score of the study variables makes it pos-
sible to identify the occurrence of accidents at work in the retail sector
with high precision and accuracy.

Keywords: Workplace Accidents Classification · Machine Learning
algorithms · Score Impact

1 Introduction

Over the years, accidents at work have been the subject of numerous studies
to understand, prevent, and reduce them. Among the most adopted strategies
in various sectors to fight workplace accidents, investigating these incidents and
implementing preventive safety measures stand out [4].
c⃝ The Author(s) 2024
A. I. Pereira et al. (Eds.): OL2A 2023, CCIS 1981, pp. 49–62, 2024.
https://doi.org/10.1007/978-3-031-53025-8_4
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These events can occur due to several factors. Several theories in the lit-
erature explain the causes of accidents, such as the accident proneness theory,
domino theory, injury epidemiology, and macro-ergonomic theory, among others.
However, if the causes are known, accidents can be predicted through predictive
models that can identify patterns and trends that help to understand the leading
causes of accidents at work and to develop effective prevention strategies [17].

Although there is still a need for more information regarding predicting acci-
dents at work, some studies already demonstrate the successful application of
Machine Learning techniques in predicting accidents in different business sectors.
Ajavi et al. (2020) conducted a study focused on predicting accidents in energy
infrastructures, exploring the methods of Particle Swarm Optimization (PSO),
Decision Tree, Random Tree, and Gradient Boosting Machine (GBM) [1]. They
built four predictive analysis models for the occurrence of accidents and the fre-
quency index, in which the GBM-PSO was the model that presented the best
predictive capacity [1].

Another relevant study is Kakhki et al. (2020), who developed a predictive
model using Random Forest, Decision Tree, and Naive Bayes methods to pre-
dict accidents in agricultural installations, more specifically with grain elevators,
achieving an accuracy between 80% and 95% [8].

In addition, other business areas already have studies with the application
of Machine Learning methods for the prediction of accidents at work, such as
the steel industry [9], construction [10,19], agribusiness [7], among others. It
was found, after an extensive bibliographic review, that a business sector that
has not carried out studies on this subject is the retail trade sector, which,
although it seems to have a low risk of injuries or deaths compared to sectors
such as agriculture and construction, is a sector that is involved in a variety of
challenging work activities and exposed to various hazards [3,16]. It occupied
the second place of economic activity in Portugal during the year 2020, with
high records of accidents at work, compared to other sectors [18].

That way, it is essential to emphasize the importance of research in this area
since the safety of employees is a priority in any economic activity. However, one
of the main problems is the need for more knowledge about which data, variables,
or parameters drive the occurrence of an accident. In addition, companies in the
retail sector have a large amount of information that can be used to implement
models for predicting accidents at work, from accident histories, information
about the work environment, and employee demographic data, among others.
However, it is necessary to study and analyze the amount and type of data
inserted in Machine Learning models since the learning capacity of the model
depends mainly on the dataset used.

Thus, this study aims to apply different Machine Learning algorithms in a new
database approach to classify the occurrence or non-occurrence of accidents at
work in the retail sector. This new approach comprises using only impact scores
per database. Two databases were used in this case: preventive safety actions and
action plans. Being a large company, it is distributed throughout the country in
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different stores, each with varying work units. Thus, the impact score calculation
will be based on the number of records for each store and work unit.

To demonstrate the effectiveness of this new approach, the occurrence (1) or
non-occurrence (0) of accidents will be associated with the score of each store and
unit, taking into account the period from January to May 2023. Subsequently,
it intended to apply each set of data to several Machine Learning methods and
observe whether it is possible to classify the occurrence of accidents at work in
the retail sector through the two designed impact scores.

The paper is organized into four sections. The Sect. 2 presents a discussion of
the methodology, in particular, datasets, pre-processing, theoretical concepts of
classification algorithms, and the applied performance evaluation metrics. The
Sect. 3 aims to compare the achieved results for each data set. Finally, Sect. 4
concludes the study and indicates possible directions for future research.

2 Methodology

This section presents the collected databases and the process of designing the
datasets to be used. The pre-processing techniques applied to improve the data
quality will also be demonstrated, like the approach to achieve the best results
for the listed objective.

2.1 Characterization of Datasets

For the present study, it is intended to use three databases made available by
the Portuguese flap company:

– Accident history, which contains information about the general character-
istics of the injured workers (age, length of service, etc.), the conditions of
the accident (place, time, sector, function served at the time of the accident,
etc.), the damage caused (severity, type of injury, etc.) and the cause of the
accident.

– Preventive safety actions are records of risk situations or unsafe conditions
observed by members of the Occupational Safety and Health (OSH) team
when they visit the stores.

– Action plans are drawn up after the intervention of third parties or employ-
ees to correct and improve the working conditions observed during an audit
of your workplace.

The obligation to create action plans to solve the problems that persist in the
employee’s well-being and working conditions has existed in the company since
2008, a period to be considered in this study. However, the observation and
registration by the company of preventive safety actions to improve employees’
conditions and quality of work is relatively recent, being practiced only from
August 2022, counting 8681 registrations of action plans and 7757 preventive
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security actions. Each record will be associated with the occurrence of accidents
through the company’s accident history recorded between January 2023 and May
2023.

Considering the number of records in each database, the impact score will be
calculated for each store and 16 work units. After obtaining the score, it will be
related to the occurrence or not of accidents. It should be noted that, due to the
records period, it is only possible to obtain the score for 78 stores, considering
the set of preventive security actions, and for 316 stores according to the group
of action plans.

For each dataset, the average of records per work unit (ruw) was considered
considering the records per work unit of each store (ruws ) and the number of
work units (nuw), as shown in Eq. (1):

ruw =
∑

ruws

nuw
(1)

Subsequently, the score (X) was calculated for each data set, in which the
number of records was counted for each store and work unit, and the Eq. (2)
was applied:

X =
nuw − ruw

nuw
(2)

The values obtained were arranged using min-max character scaling, a nor-
malization approach that scales the character to the fixed range of [0,1], as shown
in Eq. (3).

Xscore =
X − Xmin

Xmax − Xmin
(3)

Then, each store and work unit’sXscore was linked to the history of accidents,
associating the occurrence or non-occurrence of an accident, the store, and the
corresponding work unit. Since not all the stores had accidents during this period,
it was only possible to obtain the impact of observation on the occurrence of
accidents in 71 stores for preventive safety actions and 283 stores for action
plans.

Finally, the datasets used in this study will have the information of store,
work unit, and impact score and an output parameter (accident (1) or not an
accident (0)).

2.2 Pre-processing Data

Data pre-processing is a significant initial step when using Machine Learning
(ML) algorithms to classify events or information. This is because the data
quality directly impacts the model’s learnability.

Some issues that may affect learning the desired model can be identified by
closely examining the datasets. These problems include an imbalance between
output variables and data typology. Therefore, it is necessary to apply pre-
processing techniques to deal with these issues before using the data in the
developed model.
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The balance of the data set is crucial to improve the performance of ML algo-
rithms since it is essential that each class has the same number of samples and,
thus, has equal relevance in the analysis, avoiding any bias [23]. In this research,
the data related to the non-occurrence of accidents is significantly higher than
in the other classes. This can lead the algorithms to favor this class and gen-
erate predictions with high values but inaccurate and distorted. Therefore, it is
essential to use confusion matrices to validate the prediction results.

In this way, the Synthetic Minority Oversampling Technique (SMOTE) tech-
nique will be applied, whose main objective is to increase the number of minority
samples by inserting n synthetic minority samples among the k samples that are
closest to a given sample with lower dimension [23].

The one-hot encoding technique was applied since Machine Learning algo-
rithms tend to obtain better results when dealing with numerical data [14], and
datasets contain categorical typology information. This technique consists of
removing the categorical variable and dividing it into n new binary variables,
depending on the number of categories in the data.

2.3 Machine Learning Techniques

To find out if an impact score can replace the information from a database,
it is intended to calculate the correlation coefficient between the two variables,
applying different ML algorithms – to conclude if obtaining a relationship with
the accident event is possible.

The strength of the association varies between −1 and +1, indicating a strong
relationship between variables. If the correlation coefficient is near 0, it represents
a weaker relationship between variables [2].

Different types of coefficients can be calculated, such as Pearson, Spearman,
Kendall Tau, and others. The selection of the coefficient to be calculated depends
on the data type. In this case, as the data sets have a non-Gaussian distribution,
the Kendall-Tau Correlation was chosen, which is a non-parametric method that
measures the association between two variablesX, Y based on ratings of sampled
observations from X and Y [21]. In addition, it should be used when the same
classification is repeated many times on a small dataset, as in the present case
[2] (Table 1).

Table 1. Interpretation of the correlation coefficient values based [2].

Correlation Coefficients Relation Interpretation

[-1, -0.9[ or ]0.9, 1] Perfect

[-0.9, -0.7[ or ]0.7, 0.9] Strong

[-0.7, -0.4[ or ]0.6, 0.4] Moderate

[-0.3, -0.1[ or ]0.3, 0.1] Weak

[-0.1, 0[ or ]0.1, 0] None
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To identify the occurrence of accidents, it is intended to apply and compare
different classification algorithms to understand whether it is conceivable to pre-
dict the occurrence of accidents through the impact score. Thus, the following
algorithms were used:

– Decision Tree (DT), is a versatile Supervised Learning algorithm applica-
ble for both classification and regression and for categorical and continuous
dependent variables [23]. Its main objective is to develop a tree structure that
identifies the values of test samples through training samples [13]. It is easy to
understand and interpret and is often used to support decision-making since
each branch represents a choice between several alternatives. Each node rep-
resents a [11] decision. This algorithm uses a recursive partitioning technique,
building a decision tree composed of several nodes created and divided based
on specific criteria. This process is interrupted when the training dataset is
adjusted to the predictions [1].

– K-Nearest Neaighbor (KNN), classifies an observation by analyzing the k
nearest [23] observations. The algorithm uses the nearest neighbor technique
to assign a classification to a new sample point based on its proximity to a set
of previously classified points [14]. This method involves two main parameters,
the value of k and the distance function. The value of k is determined through
several executions with different values, selecting the one that minimizes the
number of errors found and provides greater forecast accuracy. The distance
function used by KNN is the Euclidean distance, which represents the distance
physics between two-dimensional points [14].

– Random Forest (RF), is a popular Machine Learning approach that uses
multiple independent decision trees that are built from previously selected
variables [1]. Each decision tree is trained using a portion of the original
training data. It performs the divisions considering only a random subset of
the input variables. The final categorization is defined through the classifier’s
output that obtains the most votes from the trees [1,23].

– Logistic Regression (LR), is an algorithm used for classification capable
of estimating discrete values based on a set of dependent variables [23]. It
calculates the probability of an event by fitting the data into a logical function.
As a result, the algorithm’s output is always between 0 and 1 [23].

– Support Vector Machine (SVM), is a widely used Machine Learning
algorithm with a solid theoretical basis, which seeks to find a hyperplane
that separates the training data into different classes, maximizing the margin
between them [13]. Different kernels, such as linear, RBF, and sigmoid, can
be applied for this task. However, proper training parameters are essential
to ensure satisfactory prediction accuracy. In general, SVM is recognized for
its effectiveness in classifying binary sentiments and its ability to deal with
classification and regression problems, outperforming many other statistical
and ML methods [13].

To implement the datasets in the five referred algorithms, it is necessary to
divide them into training (70%) and testing (30%). To evaluate the performance
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of each applied algorithm, specific metrics per class were used, including accu-
racy, precision, recall, and Fscore. To calculate them, it is necessary to identify
the following:

– True Positives (TP ) - data that were accidents and the model predicted as
an accident.

– True Negatives (TN) - non-accident samples that the model correctly pro-
jected as non-accident.

– False Positives (FP ) - data representing accidents and the model projected
as non-accidents.

– False Negatives (FN) - accidents samples and the model predict as a non-
accident.

Accuracy is a metric widely applied in problems of this nature. It returns a
general value of how much the model is correctly predicting the class concerning
the entire data set (as defined in Eq. (4)) where:

Accuracy =
TP + TN

TP + FP + TN + FN
(4)

The Precision, defined in Eq. (5), refers to the model’s reliability when
correctly predicting a specific class [5].

Precision =
TP

TP + FP
(5)

The Recall measures the number of true positives that were classified cor-
rectly, using Eq. (6), [5].

Recall =
TP

TP + TN
(6)

The Fscore is the harmonic mean of Precision and Recall, as can see in Eq.
(7), which reaches its best value at one and its worst at zero [5].

Fscore =
2 × Precision × Recall

Precision+Recall
(7)

The referred metrics are based on the confusion matrix generated for each
algorithm. The confusion matrix for the specific case study is based on the
occurrence of accidents [5].

All the algorithms presented in this work were tested, trained, and imple-
mented on a computer equipped with an 11th Gen Intel(R) Core(TM) i7-1185G7
processor, with a RAM 16 GB memory and Python version 3.10.6 in Google
Colab. For this study, different libraries were used, such as the Numpy library
(version 1.22.4) [6] and Pandas (version 1.5.3) [20] for efficient data manipula-
tion and analysis, the Scipy library (version 1.10.1) [22] to calculate the correla-
tion, the Imbalanced-learn library (version 0.10.1) [12] for data imbalance, and
finally, the Scikit-learn library (version 1.2.2) [15], also known as sklearn, for cre-
ating robust predictive models and evaluating performance through appropriate
metrics.
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3 Results

In this section, the results obtained from the relationship between the impact
score and the occurrence of accidents will be presented, as well as the values of
the performance evaluation metrics obtained by each iteration of the classifica-
tion algorithms applied to the dataset. These results enable an understanding of
whether it is possible to predict the occurrence of accidents through the calcu-
lated impact score.

3.1 Preventive Security Actions

As previously mentioned, this database is recent in the company, containing a
reduced period of recording information. However, the impact score of recording
preventive safety actions was calculated between August and December 2022 and
connected to accidents from January 2023 to May 2023. Therefore, the dataset
has three input variables (store identification, identification of the work unit
for each store, and impact score) and an output variable (accident or not an
accident), as shown in Table 2.

Table 2. Distribution of data by output variables.

Predict Label Number of data

Not an accident 536

Accident 84

As mentioned in Sect. 2.3, the Kendall-Tau coefficient calculates the asso-
ciation between impact score and crash occurrence. The value 0.0984 refers to
a fragile association between them. However, it reveals a positive association,
referring to a level of agreement between the impact score (Xscore: continuous
variable) and the occurrence of accidents (0 and 1).

Although there is a fragile association between the variables, the possibility
of predicting the occurrence of accidents through the impact score was stud-
ied. In this way, different classification algorithms were applied with five cross-
validations, and the performance results can be analyzed in Table 3.

Through Table 3, it is possible to observe high accuracy values. However, it is
worth noting the lack of assertiveness in identifying the occurrence of accidents.
Thus, the algorithms that achieved the highest accuracy values, RF and SVM,
could not classify any accidents. However, the remaining algorithms were able to
identify a small number of cases. The run time of the prediction models tested
was 0.17 s.

The inability of the algorithms to predict the occurrence of accidents can be
justified due to the imbalance of information between the outputs, which may
hamper the performance of the models in identifying accidents at work. To this
end, the SMOTE method was applied, balancing the data from the minority
class according to the majority class [23].
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Table 3. Results obtained for preventive security actions by the metrics for each
algorithm.

Learning algorithms Predict Label Precision Recall Fscore Accuracy

Logistic Regression (LR) Not an accident 0.87 0.91 0.89 0.80

Logistic Regression (LR) Accident 0.23 0.16 0.18 0.80

Decision Tree (DT) Not an accident 0.86 0.89 0.88 0.78

Decision Tree (DT) Accident 0.12 0.10 0.10 0.78

Random Forest (RF) Not an accident 0.86 1.00 0.92 0.86

Random Forest (RF) Accident 0.00 0.00 0.00 0.86

Support Vector Machine (SVM) Not an accident 0.86 1.00 0.92 0.86

Support Vector Machine (SVM) Accident 0.00 0.00 0.00 0.86

K-Nearest Neighbors (KNN) Not an accident 0.85 0.90 0.88 0.78

K-Nearest Neighbors (KNN) Accident 0.04 0.03 0.03 0.78

Once the data set was modified, the association between the two variables
was calculated again using the Kendall-Tau coefficient, showing an increase in
the coefficient value to 0.1422, revealing a weak positive association between the
variables. Thus, the prediction tests were repeated for the balanced data set. In
Table 4, the results of the metrics calculated to evaluate the performance of each
of the tested algorithms with a cross-validation of five are presented. The run
time of the prediction models tested was 0.16 s.

Table 4. Results obtained for preventive security actions balanced data by the metrics
for each algorithm.

Learning algorithms Predict Label Precision Recall Fscore Accuracy

Logistic Regression (LR) Not an accident 0.88 0.88 0.88 0.88

Logistic Regression (LR) Accident 0.88 0.88 0.88 0.88

Decision Tree (DT) Not an accident 0.88 0.73 0.80 0.82

Decision Tree (DT) Accident 0.77 0.90 0.83 0.82

Random Forest (RF) Not an accident 0.93 0.65 0.77 0.80

Random Forest (RF) Accident 0.73 0.95 0.83 0.80

Support Vector Machine (SVM) Not an accident 0.88 0.89 0.88 0.88

Support Vector Machine (SVM) Accident 0.89 0.88 0.88 0.88

K-Nearest Neighbors (KNN) Not an accident 0.90 0.65 0.75 0.79

K-Nearest Neighbors (KNN) Accident 0.73 0.93 0.81 0.79

Observing Table 4, the increase in assertiveness in detecting the occurrence
of accidents is notorious, in addition to the increase in accuracy values, in almost
all the cases, except Random Forest.
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The SVM and LR were the ones that obtained the best results, and the
Support Vector Machine was more assertive in identifying the occurrence of
accidents, maintaining the accuracy of the LR in detecting non-occurrence. On
the other hand, the RF showed the highest precision in the non-occurrence of
accidents and the lowest for the classification of accidents, like the KNN.

3.2 Actions Plans

In Table 5, the distribution of the amount of data of the output variables of
the dataset that relates the impact score of action plans and the occurrence of
accidents is presented.

Table 5. Distribution of data by output variables.

Predict Label Number of data

Not an accident 1795

Accident 174

The relationship between the impact score and the output variable was also
calculated using the Kendall-Tau coefficient for this data set. Thus, a correlation
of 0.0131 was obtained, a fragile association between the variables.

However, the occurrence of accidents was also identified based on the impact
score of the action plans registered by the company through the implementation
of the data set in the different selected classification algorithms. In Table 6, the
results obtained by the metrics after cross-validation of five can be seen. The
run time of the prediction models tested was 1.58 s.

Table 6. Results obtained for actions plan data set by the metrics for each algorithm
executed.

Learning algorithms Predict Label Precision Recall Fscore Accuracy

Logistic Regression (LR) Not an accident 0.92 0.94 0.93 0.87

Logistic Regression (LR) Accident 0.19 0.15 0.16 0.87

Decision Tree (DT) Not an accident 0.91 0.96 0.94 0.88

Decision Tree (DT) Accident 0.15 0.08 0.10 0.88

Random Forest (RF) Not an accident 0.91 1.00 0.95 0.91

Random Forest (RF) Accident 0.28 0.02 0.03 0.91

Support Vector Machine (SVM) Not an accident 0.91 1.00 0.95 0.91

Support Vector Machine (SVM) Accident 0.00 0.00 0.00 0.91

K-Nearest Neighbors (KNN) Not an accident 0.91 0.98 0.94 0.89

K-Nearest Neighbors (KNN) Accident 0.18 0.04 0.07 0.89
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Observing Table 6, the high accuracy values achieved by the tested algorithms
are noted. However, the little assertiveness in the classification of “Accident” is
noticeable. In this case, the RF and the SVM were the ones that achieved the
highest accuracy values. However, the Support Vector Machine could not identify
any accidents occurring.

Once again, this lack of ability to predict an accident can be explained by the
sharp difference in data between the two possible outputs. In this way, SMOTE
was also applied to this set, which allows for increasing the number of data repre-
senting the occurrence of accidents depending on the size of the non-occurrence
class.

The previous calculations were repeated, starting with the Kendall-Tau cor-
relation coefficient, which increased to 0.026, keeping the fragile association
between the two variables. Subsequently, the occurrence of accidents was classi-
fied using the same algorithms and five cross-validations. The results obtained
by the metrics can be seen in Table 7. The run time of the prediction models
tested was 1.24 s.

Table 7. Results obtained for actions plan balanced dataset by the metrics for each
algorithm executed.

Learning algorithms Predict Label Precision Recall Fscore Accuracy

Logistic Regression (LR) Not an accident 0.92 0.93 0.93 0.92

Logistic Regression (LR) Accident 0.93 0.92 0.92 0.92

Decision Tree (DT) Not an accident 0.91 0.65 0.76 0.79

Decision Tree (DT) Accident 0.73 0.93 0.82 0.79

Random Forest (RF) Not an accident 0.96 0.51 0.66 0.74

Random Forest (RF) Accident 0.66 0.98 0.79 0.74

Support Vector Machine (SVM) Not an accident 0.90 0.93 0.92 0.92

Support Vector Machine (SVM) Accident 0.94 0.90 0.91 0.92

K-Nearest Neighbors (KNN) Not an accident 0.92 0.73 0.81 0.83

K-Nearest Neighbors (KNN) Accident 0.78 0.94 0.85 0.83

Observing Table 7, one can indicate a high increase in the accuracy of the
algorithms in classifying the occurrence of accidents, maintaining assertiveness
in identifying non-occurrence. Random Forest was the algorithm that reached
the highest precision values in class “not an accident” prediction and the lowest
for class “accident” identification, compared to the other algorithms, reaching
the most insufficient precision. SVM and LR were the ones that achieved the
best accuracy results, with Logistic Regression standing out in the remaining
evaluation metrics.

The attempt to classify the occurrence of accidents by merging the two scores
is worth noting since they are complementary information. However, it was
impossible due to the information discrepancy in the two databases.
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4 Conclusions and Future Works

This study aimed to calculate an impact score for the two databases that identify
risk situations and unsafe conditions in the company’s work areas and, conse-
quently, to understand whether, through the score obtained, it is possible to
predict the occurrence of accidents on work.

To this end, the impact score was obtained by calculating the average of the
records for each dataset per store and work unit. An impact score was obtained
through the annual records and then normalized using the min-max feature
scaling that establishes a scale of values between 0 and 1 depending on the
maximum and minimum values obtained.

By achieving the impact score for each database, a connection was made
with the history of accidents between January and May 2023, associating the
occurrence or not of accidents at work for each store and work unit with an
impact score reached.

With the creation of the two datasets, the Kendall-Tau coefficient was calcu-
lated to understand the association between the impact score and the occurrence
of accidents. A fragile association was observed between the set of action plans
and the event of the accident, and a weak positive association between the impact
score of preventive safety actions and the occurrence of accidents.

Afterward, the occurrence of accidents was classified through the achieved
impact scores. First, the original datasets were used. However, the results could
have been better for their classification due to the data imbalance between the
two output variables. In this way, the SMOTE technique was applied, which
allows for increasing the information of the minority class as a function of the
majority class, equalizing the amount of data for each category.

Thus, five classification algorithms were applied to observe whether it is pos-
sible to identify the occurrence of accidents through the impact scores obtained
in this study. For the data set of preventive safety actions, the Support Vec-
tor Machine was the most assertive in identifying the occurrence of accidents,
maintaining high values of accuracy and precision in the classification of the non-
occurrence of accidents. As for the action plan dataset, the Logistic Regression
algorithm reached the best results in all analyzed metrics.

For both cases, Random Forest was the algorithm that obtained the best
precision in predicting class “not an accident” but the lowest values when iden-
tifying class “accident”.

Thus, it can be concluded that it is possible to classify the occurrence of
accidents at work in the retail sector through the impact score obtained by the
records of preventive safety actions and action plans carried out by the safety
and health team leader and the company’s employees.

For future work, it is intended to explore these results further and test this
approach in other company databases to find other impact scores that can predict
the occurrence of accidents at work in the retail sector.
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