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SUMMARY

This study aims to predict seafarer safety perceptions and evaluate their feedback to understand the human factor in a ship’s
safety with machine learning algorithms. A questionnaire survey has been conducted with 304 seafarers’ participation
and they responded to several safety climate and perception indicators that are based on literature, for instance, safety
assessment of supervisors and company, company’s training arrangement, accident and near-miss reporting etc. Scores
of survey results have been estimated with four machine learning algorithms, namely multiple linear regression, support
vector regression, random forest and decision tree regression. According to the findings, the multiple linear regression
method gave the best prediction performance for seafarer safety perception level with a 4.07 mean absolute percentage
error. It was seen that the machine learning techniques can be applied in the prediction of seafarer safety perception based

on collected data. This study may provide useful perspectives for maritime companies in improving safety of ships.
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1. INTRODUCTION

Maritime transportation is the most widely preferred mode
for world trade (UNCTAD, 2019) and it involves various
risks due to the working environment. Despite the increase in
international rules, regulations and inspections to minimize
those risks, marine accidents still are one the serious problems
in this leading industry. Accidents that occur on vessels are
mostly collision, grounding, cargo operation or maintenance
failures and these have great potential to cause loss of lives,
damage to property and the environment. According to
European Maritime Safety Agency records, 19418 casualties
and incidents occurred on cargo, passenger, service, fishing
and other types of vessels between 2014-2019, and 493 of
these are considered very serious casualties. In total, 6210
persons were injured and 496 persons lost their lives in the
same period (EMSA, 2020).

The responsible authority for global maritime issues, the
International Maritime Organization (IMO), has introduced
many rules and regulations in response to accidents and to
increase the safety of ships. Especially, the International
Convention for the Safety of Life at Sea (SOLAS) is
considered one of the four pillars of the industry and includes
regulations for vessels to meet the minimum safety standards
(IMO, 2014). In addition to the technical deficiencies of the
ships, the human factor had also a considerable impact on
the accidents, therefore the International Safety Management
Code (ISM) also entered into force in 1998 as a part of
SOLAS. The Code has brought important regulations for
companies, it requires building Safety Management System
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for reducing human errors by implementing and developing
the safety procedures on their fleet vessels. Working
environments on board have become safer in line with these
regulations, however, human factors still have a major role in
most the marine accidents (Fan et al., 2020).

In workplaces, employees should have a reliable safety
perception to reduce human errors (Lu et al., 2008). The
safety perception will be shaped by occupational training
and experience, as well as directly proportional to the
safety level of the environment where the personnel work.

In this issue, a concept namedsafety climate comes forward
for a better understanding of the level of workplace safety.
It is the atmosphere formed as a result of general attitudes,
opinions, perceptions and behaviours about safety in a
working environment. This concept has been introduced by
Dov Zohar for the first time in literature, and it is explained
as the total perceptions and opinions of people in a working
area (Zohar, 1980). Another definition is a concept in which
employees believe, they could be supported and awarded
by their managers through the implementation of safety-
related procedures in the workplace (Hofmann, 1998).
According to Neal and Griffin, safety climate is a personal
notion that is affected by workplace-related procedures
and policies which are obeyed for ensuring safety (Neal
and Griffin, 1998). Although the studies on this concept
have mostly been carried out in various industries such as
manufacturing, construction, shipbuilding etc. (Kim et al.,
2017; Oah et al., 2018; Patel et al., 2015), it can also be
applied in the maritime field (Lu et al., 2008).
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Shipsareriskierworkingenvironmentsthanlandworkplaces,
due to their structural characteristics and dynamic
atmospheric conditional areas they operate (Oldenburg et
al. 2010). This situation still causes many occupational
accidents or major marine accidents despite various rules
and regulations. These incidents may be eliminated by
observing the safety climate onboard, therefore, this paper
aims to predict seafarers’ safety perceptions. In this context,
a questionnaire was prepared based on safety climate
determinants that were used in literature by adapting each
item to seafarers. The survey results were evaluated and
the safety perception of seafarers was predicted. In this
stage, machine learning is applied because it is a strong
method in the artificial intelligence (Al) field that has been
proven to be effective for many applications (Uyanik et
al., 2019). The systems supported with AI methods used in
various fields comprising image recognition, surveillance,
healthcare, fraud prevention, tourism marketing, trading
and shipping etc. help in both saving time and obtaining
reliable data (Alsheikh et al., 2014). On the other hand,
there are not sufficient studies using these methods in the
maritime industry. Most of the papers are concerned with
efficiency problems on vessels, for instance, navigation,
route prediction, fuel consumption (Abebe et al., 2020; Kim
et al., 2017; Uyanik et al., 2020). There is a gap in safety-
related issues utilizing machine learning techniques
according to the authors’ knowledge. Therefore, studies
using these methods in different industries have been
reviewed mostly.

Davoudi et al. used machine learning in the agribusiness
sector. They collected data from an insurance company
which were more than 33,000 workers’ job-related
accidents and tested the performance of machine learning
techniques in predicting the severity of accidents’
consequences (Davoudi et al., 2019). Rawson & Brito
used machine learning methods in the field of maritime
risk assessment (Rawson and Brito, 2022). Veerappa et al.,
investigated vessel type classification with an explainable
Al method (Veerappa et al. 2022). Luo et al., applied
machine learning methods to ship wake prediction for
shoreside protection (Luo et al., 2022). Uyanik et al.,
investigated the application of machine learning techniques
for visibility prediction to safer navigation (Uyanik et al.,
2021). Sarkar et al., conducted a study that developed a
model with machine learning techniques for the estimation
of occupational accidents in a steel plant. With the
application of support vector machine and artificial neural
network techniques and based on occupational accidental
data, they estimated injuries, near-misses and property
damages (Sarkar et al., 2019). Another research is about
developing a model with an artificial neural network
(ANN) for estimation of the workers’ safe work behaviour.
Patel and Jha first applied a questionnaire to construction
site workers in India. In the questionnaire, there were
10safety climate determinants that were used in otherrelated
studies in the literature. These determinants were used as
inputs for the ANN model and they predicted employees’
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safe work behaviours as outputs (Patel and Jha, 2015).
In Korea, Kang and Ryu developed a machine learning-
based model to minimize and prevent occupational
accidents which happen on construction sites. In this
model, they used the random forest technique to predict
the types of accidents and the model showed a 71.3%
estimation performance (Kang and Ryu, 2019).

In this study, it was aimed to contribute to the literature
and provide a different perspective for maritime/crew
companies to understand the safety climate in their vessels
and evaluate the crew performance accordingly. The
remainder of the paper is organized as follows. In section 2,
data collection and the machine learning techniques are
explained. Section 3 presents the prediction performance
with the success levels. Section 4 discusses the research
results, limitations and further study aspects. Finally,
Section 5 concludes the paper.

2. MATERIAL AND METHOD

Firstly, the questionnaire was prepared for understanding
the safety perceptions of seafarers. It was sent to the
seafarers and responses were collected over a period
of time. Data including their personal information and
safety levels from the survey were organized to be fit
for the system. In this stage, the dataset was divided into
two subsets as “training” and “test” data. Four techniques
that were used for prediction were trained, following this
phase, the remainder of data was tested and compared
with the actual safety perception levels. Using error
metrics, the rate of estimation success of each technique
was assessed. Finally, the techniques were compared with
each other and was evaluated the most suitable technique
for the prediction. The steps of the methodology for the
seafarer safety perceptions prediction model are illustrated
in Figure 1 for a better understanding of the study.

2.1 SURVEY PARTICIPANTS AND DATA
COLLECTION

In this research, a survey has been conducted for data
collection. It was sent to Turkish seafarers who have
oceangoing experience between 1 year and 20 years.
Ranks are defined as master, chief engineer, chief officer,
deck officer, engineer, cadet/student, ratings including able
seaman, oiler, electrician, fitter, and pumpman. They were
asked to state their age, marital status, gender, rank, sea
experience, and educational degree. The majority of the
respondents are male with a ratio of 86%. Data collection
was carried out from April 2019 to February 2020. The
survey has been distributed to a total of 450 seafarers,
but it could reach 304 seafarers’ data due to vessels’
intense work conditions and communication challenges.
Therefore, the proper response rate is 67,55% level at the
end of the survey. To prevent reporting biases as much
as possible, it was collected responses from the seafarers
anonymously.
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Figure 1. A prediction model for seafarer safety perceptions.
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The context of the questionnaire was prepared based on the
studies analysing the safety climate and safety perceptions
in the literature (Glendon and Litherland, 2001; Lu and Tsai,
2010; Mearns et al., 2003; Williamson et al., 1997). The
questions are in nine main parts which are ship supervisors’
safety assessment, company’s safety assessment, company’s
training planning, co-worker interaction, workload and
pressure, reporting of near misses and occupational
accidents, straightforwardness of safety rules and
procedures, safety assessment of the job, and employees’
safety perception and fatalism. A total of 51 questions were
asked on a five-point Likert scale (I=strongly disagree,
2=disagree, 3=nor agree or disagree, 4=agree, S=strongly
agree). Also, Cronbach’s alpha was calculated to assess the
internal consistency of the scales used in the study (Taber,
2018). As seen in Table 1, Cronbach’s alpha values vary
between 0.745 and 0.941 and this means the survey could
be considered internal consistent, since the value should be
0.70 and above according to literature (Lu and Tsai, 2010).

2.2 SURVEY SECTIONS

The safety climate and safety perception indicators used
in the survey were illustrated in Table 1. It includes
Cronbach’s alpha values, the number of items and a sample
item for each part.

The system outputted the safety perception levels with the
application of four different machine learning methods,
which are frequently used and generally yield successful
results (Kushwah et al., 2021; Rosa et al., 2019; Wang et al.,
2022; Zhang et al., 2020; Jiang et al., 2021). Table 2 illustrates
the variables that are used in machine learning applications.

2.3 MACHINE LEARNING METHODS
Machine learning algorithms have been functional and

effective in classification, prediction, recognition and
identification problems in recent years. In this work,

Table 1: Survey sections

Part name Sample item No. CA
Safety Assessment of Ship Supervisors My supervisors care about the ship crew’s safety. 8 0.898
Safety Assessment of Company My company has a regular job safety meeting. 10 0.884

The safety training programmes in my company help

Company’s Training Arrangement prevent accidents. 6 0.932
Workload and Work Pressure Therfe are enough seafarers on board to carry out the ) 0.763
required work.
Reporting of Occupational Accidents The seafarers are willing to report near misses. 5 0.899
Safety Assessment of Co-workers My coworkers care about others’ safety. 5 0.941
Straightforwardness of Safety Rules and Rules about safety are not difficult to understand. 3 0.832
Procedures ’
Safety Assessment of Job One who works onboard can easily get hurt. 4 0.745
Safety Perception and Fatalism I follow safety rules even under intense work pressure. 8 0.839
Table 2: Sample data set including variables.
Position Personal Data

Experience Age Gender Education  Marital Status Safety Score
Engine Officer 3 26 M 3 S 4,142
Able seamen 4 28 M 1 M 4,428
Chief Engineer 10 33 M 3 M 3,690
Cadet/Student 1 30 F 3 S 3,809
Ist assist Eng. 5 28 M 3 S 4,690
Deck Officer 2 26 F 4 M 3,357
2nd Engineer 5 29 M 3 M 3,547
Chief Officer 10 39 M 3 M 4,470
Master 19 43 M 3 M 4,595
Electrician 20 37 M 1 M 3,023
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seafarers’ safety perceptions were estimated by machine
learning techniques. Data provided as input to the system
are the seafarers’ position onboard, sea experience, age,
gender, educational degree, marital status and survey scores.
2.3(a) Multiple-Linear Regression

Multiple or multiple-linear regression (MLR) is used in

the stage of prediction with two or more independent or
predictor variables.

y = a+blxl+b2x2+. ’ .+bnxn (1)

In Equation (1), y is the dependent variable, where a is the
y-axis intercept of the regression curve, bi is the coefficient
of the estimate value x,, for 1<i<n.

2.3(b) Support Vector Regression

Support vector machine is one of the supervised learning
models for classification and regression [34]. Support
vector regression uses two linear or non-linear vectors
around the real data for forecasting. The kernel functions
are used for regression which resembles support vector

machines but SVR adjusts the permissible limits (g)
(Harris et al., 1997).

In Figure 2, the hyperplane represents the real values.
Yellow dots show support vector machines. The cyan dots
symbolize the predictions that are in the threshold range
(+€/— €) when the green dots are used for being out of
range.
2.3(c) Decision Tree Algorithm

Decision tree (DT) learning, a method for approaching

separate-valued goal functions, is frequently used in
machine learning studies. In this method, samples are

v
A

Hypaplane

Figure 2. Support vector machine
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symbolized as attribute-value pairs. The objective
function of the decision tree has separate output values
that designate a category for each example and properly
appoint new input. Decision tree may be useful while
executing the selection of automatic property and
lessening complications. The decision tree method
(DTs) solves regression and classification problems
effectively. One of the important characteristics of DTs
is their low computational complexity. Additionally, no
suppositions are needed for the parameters’ dispersion
of the predictor. The DTs approach is also powerful in
using insufficient data (Quinlian, 1986; Rokach and
Maimon, 2005). A simple demonstration of the technique
is in Figure 3.

2.3(d) Random Forest Algorithm

Random Forest (RF) is a trending machine learning
algorithm mostly employed in classification and regression
implementations as a practical tool. Figure 3 demonstrates
the technique simply. In this study, the proposed random
forest algorithm is like bagged DTs.

A random forest is a sum of classifiers that are used as
tree-based. h(X;0,).k=1,2,..,K, as independent variables,
O, are similarly spread out random vectors and X is the
input and Y is the output, so that (X, Y) shapes the real
data. Firstly, K samples are received from the real training
data (X, Y)) with the process of bootstrap, each sample has
an identical format as that in the original data. Then, K
regression patterns are constructed of the decision tree for
all samples to get K regression estimation outcomes. At
the end of the process, the mean of K results is the last
prediction result.

RF algorithm improves gaps in the regression models
by constituting dissimilar training data to support the
extrapolation estimation capability of the associated

Data

iy

Prediction

Figure 3. Decision tree algorithm
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regressions. Following K’s training, the regression
prediction model may be obtained from series
h(X,0,),h(X.,0, ),....,h(X.,0,) that are created from a
combined forecasted pattern. The last prediction result is
expressed in Equation 2 (Fernandez-Gonzalez et al., 2019;
Wehenkel et al., 2006).

h(x) :(%]éh(X;Ok) @)

2.3(e) Validation of the ML Techniques

In literature, the K-fold cross-validation method is used
to assess the success of prediction methods and also
prevent overfitting (Lazakis et al., 2019). The basic
rationale in the application of this method is to divide
the data set into k equal parts and use each part as both
training and test data in all iterations. In this study, the
ML techniques are validated via this method with the
number of k iterations is adjusted as 4, as illustrated in

2.4(a) Root Mean Squared Error

The RMSE is expressed as in Eq. (3).

2.4
RMSE =\|——— (3)
n
where, €=K.a-Kiprdicea @nd, 7 18 size of the data set,
Kioena 18 the real value, kK yicieq 18 the predicted value.

2.4(b) Mean Absolute Error

The MAE is the average of the absolute value of errors that
was given in Eq. (4).

1 n
MAE=;;|ej| @

where 7 is the size of the data set, €K ;. K jpredictea.
k(i)acrual is real value, k(j)p,edmd is predicted value.

2.4(c) Mean Absolute Percentage Error

Figure 5.
The main formula for the MAPE can be found in Eq. (5).
2.4 ERROR METRICS

n e.
MAPE =) —L
jZ:I: k(j)actual (5)

It was used different types of error metrics to evaluate
the success of the introduced algorithms on the problem.
These are root mean squared error (RMSE), mean absolute

error (MAE) and mean percentage error. Where n is size of the data set,
7K jactuaK o Kijpacwar 18 T€21 Value, k,

ed value.
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Figure 4. Random forest algorithm
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Figure 5. K-fold cross-validation for 4 data packs and k=4.

3. FINDINGS AND RESULTS

In this paper, the data size is made up of 304 participants.
228 participants of this data were selected randomly for

training data and taught to a computer. The remaining
76 participants were used as test data and asked to
be predicted by the computer. It was used the Python
programming language version 3.0 in the application of
the case study section. Codes for the study were written
in Spyder 3.0 interface. Pandas (Kapadia et al., 2019)
and Numpy (McClaren, 2018), Sklearn (scikit-learn)
(Erickson et al., 2018), libraries of Python programming
language are also used for the case study. Figure 6
illustrates the simulation results of randomly selected
50 samples with four different machine learning methods
for safety perception prediction.

In Figure 6, the points indicated by the red dots
symbolize the actual safety perception values according
to the survey results which were used as real data input.
In this step, all scores were valued between 1 and 5 for
each seafarer. The other colours represent the estimation
values achieved by prediction techniques. It was applied
the classical and the most widely used techniques and
aimed to find the method that performs the highest
success on the data set.

Table 3 illustrates error rate comparisons of the machine
learning techniques used to predict safety perception.
Considering all methods, multiple linear regression is more
advantageous than other techniques for safety perception
prediction. Its success rate is 95.92%.

Safety Perception

Score
[¥S)

0 5 10 15 20

25 30 35 40 45 50

Seafarers

® Safety Perception @ Multiple-Linear R.

Decision Tree R.

SVR  ®Random Forest R.

Figure 6. Comparison of four machine learning methods for prediction of seafarers’ safety perception
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Table 3: Error rates for estimation of safety perception.

Regression Method Metrics

RMSE MAE %MAPE
Decision Tree 0,219167 0,084345 6,014093
Multiple Linear 0,159656 0,044643 4,071552
Random Forest 0,183206 0,056815 4,686330
Support Vector 0,163374 0,071347 4,177861

Table 4: Validation scores for estimation of safety perception.
Regression Method Validation Score (RMSE)
Iter.1 Iter.2 Iter.3 Iter.4 Mean

Decision Tree 0,25896 0,24731 0,23983 0,25109 0,24930
Multiple Linear 0,18705 0,17986 0,19250 0,17731 0,18418
Random Forest 0,21654 0,21367 0,20998 0,21536 0,21389
Support Vector 0,18750 0,19856 0,17999 0,18447 0,18763

K-fold cross-validation was made for all prediction
techniques. The data set was divided into 4 subsets
accordingly. All techniques were validated with the
calculation of RMSE values. Table 4 illustrates the
validation scores.

Although decision tree regression performed less than
the other three techniques, it achieved a 93.98% success
rate in safety perception level estimation. As a result of
the research, it was found that the use of multiple linear
regression and support vector regression techniques could
yield more reliable prediction results. The simulation
results have shown that developed machine learning
models in this paper are useful for seafarers’ safety
perception prediction.

4. DISCUSSION

In this paper, it was aimed to estimate the safety perceptions
of seafarers working on Turkish flagged vessels. Since
the machine learning methods could make more accurate
predictions than the classic statistical methods in proper
circumstances, testing this ability may be interesting
in the maritime industry. To obtain data, was applied a
questionnaire to seafarers to respond to safety-related
issues. Although it has been used in many studies in the
literature, this survey method that measures the safety
perceptions of employees may not be sufficient, so this
could be the limitation of the paper. A more comprehensive
examination of vessels should be conducted with experts to
analyse crew safety climate more effectively. Itis difficult for
many companies to allow onboard research since operating
their ships with extra people for a long time is often costly
and arduous. Therefore, in the face of these challenges, it
was preferred to obtain data with the questionnaire method.
Another limitation is the difficulty of contact with seafarers.
It is not an easy process to reach seafarers actively working

A-276

onboard, due to the intense working conditions and
communication problems. These problems prevented to
increase in the number of samples. For further study, the
authors will continue to research to increase and improve
the input data that is used in the machine learning process
in addition to the questionnaire survey. Also, increasing the
number of data by collecting more samples from seafarers
will help the applied techniques to be trained with more
data, thereby increasing the prediction performance.

S. CONCLUSION

Shipping has great importance in the matter of world
trade; therefore, the seafaring profession is essential to
execute this economic activity. With the contributions of
many studies analysing ship accidents’ causes, it has been
learned how effective the human factor is in the occurrence
of accidents. The consequences of ship-related accidents
can lead to enormous disasters, both in terms of human
life and the natural environment. To prevent ship-related
or occupational accidents caused by human error, the
safety perception of the ship’s personnel should be well
understood. Based on the employee profile examination
by using machine learning-supported systems, it may be
easier that the relevant authorities develop new training
programmes and eliminate the deficiencies of their
employees, thus ensuring the safer operation of ships.

This work aims to make contributions to improve safety
on ships, with the application of machine learning
method which was not used in other related studies. By
introducing the data obtained from the questionnaire
survey to a machine learning-assisted system, seafarers’
safety perception levels have been predicted successfully.
It should be remembered that the performance and success
of the predictions will advance with an increasing number
of ship personnel data included in the system.
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APPENDIX
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Safety Assessment of Ship Supervisors
1 | My supervisors care about the ship crew’s safety. 1 2 3 4 5
2 | My supervisors encourage safe behaviour. 1 2 3 4 5
3 | My supervisors informs crew about safety rules. 1 2 3 4 5
4 | My supervisors are willing to listen crew in setting the safety goals. 1 2 3 4 5
5 | My supervisors follow the safety rules. 1 2 3 4 5
6 | My supervisors commend safe work behaviour. 1 2 3 4 5
7 | My supervisors considers the warnings and suggestions of crew about safety. 1 2 3 4 5
3 When I have a health problem, my supervisors take care of my situation and report it 1 2 3 4 5

to the company.

Safety Assessment of Company

1 | My company shares safety rules and procedures with the with the seafarers. 1 2 3 4 5
) My company shares the warnings and notifications about dangerous cargoes with the | ’ 3 4 5

seafarers.
3 | My company responds quickly to safety concerns and provides solutions. 1 2 3 4 5
4 | My company has a regular job safety meeting. 1 2 3 4 5
5 | My company’s safety-related procedures are sufficient. 1 2 3 4 5
6 | My company’s safety procedures are reasonable. 1 2 3 4 5
7 | My company supplies ships with sufficient safety equipment. 1 2 3 4 5
8 | My company conducts safety inspections on ships at regular intervals. 1 2 3 4 5
9 | My company rewards the crew who works safely. 1 2 3 4 5
10 My company sends me to the hospital for treatment when I have a health problem | ) 3 4 5

and signs me off the ship when necessary.

Company’s Training Arrangement

1 | My company conducts an adequate number of safety training programs. 1 2 3 4 5
2 | The safety training programs in my company are explicit. 1 2 3 4 5
3 | The safety training programs in my company are useful. 1 2 3 4 5
4 | The safety training programs in my company are worth my time. 1 2 3 4 5
5 | The safety training programs in my company are compatible with my job onboard. 1 2 3 4 5
6 | The safety training programmes in my company help prevent accidents. 1 2 3 4 5
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Workload and Work Pressure

1 | Ship crew are given sufficient time to perform a job safely. 1 2 3 4 5
2 | There are enough seafarers on board to carry out the required work. 1 2 4
Reporting of Occupational Accidents
1 | The seafarers are willing to report near misses. 1 2 3 4 5
2 | The seafarers are willing to report accidents. 1 2 3 4 5
3 | I do not hesitate to report a near miss or accident to my supervisors. 1 2 3 4 5
4 | I'learn from near misses and accidents. 1 2 3 4 5
5 My company shares the eVF:nts (near. misses, accidents, bad practices etc.) that | ) 3 4 5
happened on other ships with my ship.
Safety Assessment of Co-workers
1 | My co-workers care about working safely. 1 2 3 4 5
2 | My co-workers follow the safety rules. 1 2 3 4 5
3 | My co-workers give efforts to keep our working area safe. 1 2 3 4 5
4 | My co-workers care about others’ safety. 1 2 3 4 5
5 | My co-workers encourage others to be safe. 1 2 3 4 5
Straightforwardness of Safety Rules and Procedures

1 | I have no difficulty understanding the purpose of the safety rules. 1 2 4

2 | Rules about safety are not difficult to understand. 1 2 3 4 5
3 I know the meaning and the purpose of the International Safety Management (ISM) | ) 3 4 5

Code.
Safety Assessment of Job
1 | Working onboard involves risks. 1 2 3 4 5
2 | One who works onboard can easily get hurt. 1 2 3 4 5
3 | Working onboard harms crew’s health. 1 2 3 4 5
4 | Working onboard is unsafe. 1 2 3 4 5
Safety Perception and Fatalism

1 | Using personal protective equipment helps in preventing accidents. 1 2 3 4 5
2 | I do not think the accidents are due to bad luck. 1 2 3 4 5
3 | Safe operational rules and procedures can reduce accidents. 1 2 3 4 5
4 | The use of safety equipment can reduce injuries and accidents. 1 2 3 4 5
5 | I do not ignore safety rules to finish my work quickly. 1 2 3 4 5
6 | I follow safety rules even under intense work pressure. 1 2 3 4 5
7 | I do not ignore safe working procedures for convenience and comfort. 1 2 3 4 5
8 | It’s okay for me to get safety suggestions from others. 1 2 3 4 5
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