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ABSTRACT

Introduction: Cognitive functions play a vital role in how tasks are performed; for this, temporary cognitive
and mental dysfunctions could lead to grave consequences, especially when an accurate and prompt
response is required. Attention and reaction time to noise are among the most effective exogenous factors
on the brain processing mechanism. This study aimed to measure the sustained attention of workers in
the steel industry exposed to different sound pressure levels.

Material and Methods: The study was conducted in 4 general stages, including 1- Selecting predictive
orientation variables (age, work history, different sound pressure levels); 2- Conducting the Cognitive
Performance Test (CPT); 3 Conducting N-BACK Cognitive Performance Test and 4- Modeling cognitive
performance changes using model precision methods.

Results: Continuous Performance Test (CPT) results indicated that all three groups’ omission error,
commission error, and response time were affected by shift time. All three components increased
significantly as the shift ended, decreasing individuals’ cognitive function. Also, the higher noise impact in
modeling CPT and N-Back tests indicated reduced workers’ concentration.

Conclusion: These study findings suggested that greater noise weight obtained in test modeling in three-
time intervals, i.e., in the beginning, middle, and end of the shift, affected the continuous performance
components of the CPT and working memory performance of the N-back test, including workers’ response
time and reaction time, with workers’ rate of error increasing and their focus decreasing during the shift.
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1. INTRODUCTION and speech comprehension issues. Studies show that

Noise is a significant stressor affecting both noise negatively impacts cognitive performance,
physical and mental health worldwide. It impairs especially during prolonged exposure. Various
cognitive functions, leading to inattention, fatigue, techniques, such as EEG assessment and cognitive

tests (N-BACK, CPT), evaluate workers’ cognitive
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abilities. However, limited research has modeled
cognitive changes in noise-exposed workers. Many
studies have been conducted in Iran and around the
world on the effect of noise on cognitive functions;
however, scant research has modeled and predicted
cognitive function changes and physiological
parameters among workers exposed to noise.
Thus, this study was developed to investigate the
following objectives:

« Measuring the Equivalent Continuous Sound
Pressure Level among workers in steel industry
environments

o Determining workers’ cognitive performance
at the beginning, middle, and end of the shifts
based on N-BACK and CPT tests

« Determining the relationship between sound
pressure levels and workers’ cognitive functions at
the shifts’ beginning, middle, and end.

« Determining factors affecting the cognitive
performance of workers

o Determining the weight of the factors affecting
the cognitive performance of workers based on
Deep Learning and Random Forest algorithms

2. MATERIAL AND METHODS

In this cross-sectional study, 120 people were
selected and divided into three groups (one control
group and two case groups) via a Simple Random
Sampling method. Participants were divided into
one of the following three groups based on their
exposure to different sound pressure levels:

o The first group includes people exposed to
a sound pressure level of less than 75 dB (control
group)

o The second group includes people exposed to
sound pressure levels between 75 and 85 dB (first
case group)

o The third group includes people exposed to
sound pressure levels higher than 85 dB (second
case group)

The study was conducted in 4 general stages,
including 1- Selecting predictive orientation
variables (age, work history, different sound
pressure levels); 2- Conducting the Cognitive
Performance Test (CPT); 3 Conducting the
N-BACK Cognitive Performance Test; and 4-
Modeling cognitive performance changes using
model precision methods.

To avoid the effects of learning on the study’s
results, subjects were given practical training
in working with software before the main test.
In this study, workers’ predictive and cognitive
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performance parameters were evaluated at the
shifts’ beginning, middle, and end, and cognitive
performance changes were modeled by Deep
Learning and Random Forest data mining
algorithms for all three time intervals. The
studied participants were selected considering the
following inclusion criteria: 1: No diagnosis of
cardiovascular diseases; 2: evidence of any mental
disorders; 3: Not regularly drinking caffeinated
beverages; 4: No drug addiction and smoking;
5: Having a healthy hearing; 6: sleep disorders; 7:
major systemic diseases. To assure that all ethical
rules have been observed in human research, the
research objectives were discussed with all subjects
willing to participate in the project, and a written
consent form was obtained from them.

Equivalent Continuous Sound Pressure Level
(Leq) variables, i.e., working experience and age,
were considered for each individual. The cognitive
functions were assessed using Continuous
Performance Test (CPT) and Visual and auditory test
(N-BACK). The CPT measures sustained attention
and alertness of the individual’s auditory and visual
systems. The N-BACK test measures peoples
visual and auditory memory. Using Deep Learning
and Random Forest algorithms the Modeling of
changes in cognitive function was performed. After
developing the models, Precision evaluation and the
AUC:s of developed models were done.

This study was approved by the ethics committee
of Kerman University of Medical Sciences with code
number IR KMU.REC 1398.635. The collected data
were analyzed using Statistical Package for Social
Sciences V.18 (SPSS) (SPSS, Inc., Chicago, Illinois,
USA).

3. RESULTS AND DISCUSSION
Demographic Information

The mean age was 36.23+ 2.75, 32.03 £ 3.51,
and 32.03 + 3.51 for the three studied groups,
respectively. The mean working experience was
9.10+2.05, 7.03+2.30, and 7.03+2.30, respectively.
The mean metabolism were 110.7+1.06, 154.1+1.32,
and178+1.25 watt/M2, respectively.

Average Equivalent Continuous Sound Pressure
Level (SPL)

The control group was exposed to the average
Equivalent Continuous Sound Pressure Level of 70.3
+ 1.32 dB, while the workers in the experimental
group were exposed to the average level of 80.97 +
1.89 and 93.86+1.69 dB, respectively.
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Continuous Performance Test (CPT)

Table 1 shows the average commission error,
omission error, and response time of the workers
of all 3 groups at the shift’s beginning, middle and
end. According to the results of Table 1, at the end
of the shift, the commission error is significantly
affected. Also, there was a statistically significant
difference in the average equivalent sound level on
the omission error in the middle and at the end of
the shift. In addition, the average equivalent sound
level significantly affected the response time of
workers in the middle and end of the shift.

Working Memory Test (N-back)

Table 2 shows the results of the reaction time
and the Mean of correct answer at the beginning,
middle, and end of the shift, based on which it
was determined that the average equivalent sound
level significantly affects the reaction time and the

correct answer of the workers in the middle and
end of the shift.

Modeling using Deep Learning and Random Forest
Algorithms
Modeling results from Deep Learning and

Random Forest algorithms concerning omission
and commission errors, response time, reaction
time, and correct answers are illustrated in Table
3. For omission error, According to the modeling
results with the Random Forest algorithm, the
weight of Leq at the beginning, middle, and end
of the shift are 35.9, 31.51, and 45.46, respectively.
Additionally, the Deep Learning algorithm
modeling results showed that the weight of Leq
at the beginning, middle, and end of the shift
are 32.47, 31.74, and 44.37, respectively. For
commission error, The weight of the Leq variable,
according to the results obtained from the Random
Forest algorithm, is 34.33, 38.09, and 33.33 for the
beginning, middle, and end of the shift, respectively.
Additionally, the Deep Learning algorithm
indicated that the weight of the Leq variable for
the beginning, middle, and end of the shift is 32.5,
35.67,and 34.12, respectively. For response time, the
weight of the Leq variable, according to the results
obtained from the Random Forest algorithm, is
22.47, 24.99, and 29.99 for the beginning, middle,
and end of the shift, respectively.

Additionally, the Deep Learning algorithm
indicated that the weight of the Leq variable for

Table 1: Commission error, omission error and response time of workers of all 3 groups at the beginning, middle and end of the shift

Variable Group Beginning of the shift
Mean SD
Commission Group 1 0.7 0.15
error Group 2 1.25 0.32
Group 3 1.8 0.27
P-Value 0.12
Omission Group 1 1.7 0.26
error Group 2 1.4 0.17
Group 3 2 0.15
P-Value 0.45
Response time Group 1 420 22
Group 2 450 19
Group 3 470 12
P-Value 0.25

Middle of the shift End of the shift |
Mean SD Mean SD
0.6 0.09 3 0.25
2 0.21 1.75 0.33
3.2 0.46 3.9 0.58
0.057 0.032
14 0.17 0.5 0.12
1.75 0.23 1.5 0.15
3.4 0.32 3.75 0.38
0.002 0.001
415 26 427 18
435 12 465 12
475 32 490 37
0.001 0.001

Table 2: Reaction time and correct answer in all three studied groups at the beginning, middle and end of the shift

Variable Group Beginning of the shift
Mean SD
Reaction time Group 1 540 15
Group 2 555 34
Group 3 570 37
P-Value 0.38
Correct Group 1 80 11
answer Group 2 78 4
Group 3 75 6
P-Value 0.45

484

Middle of the shift End of the shift
Mean SD Mean SD
580 29 605 37
585 32 627 38
600 41 540 52
0.035 0.001
89 10 79 9
70 15 64 12
68 9 58 7
0.001 0.001
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Table 3: Modeling results of Deep Learning and Random Forest algorithms for Omission and Commission Errors

Variable

(Weight) Modelling Algorithm Modelling Algorithm
Rf DL Rf DL Rf DL
Omission Leq 35.9 3247 31.51 31.74 45.46 44.37
error Experience 23.08 22.25 12.33 11.81 14.55 15.12
Age 20.5 19.92 12.33 13.23 12.71 11.91
Metabolism 10.26 14.3 23.28 20.75 14.55 13.11
BMI 10.26 11.06 20.55 2247 12.73 15.49
Accuracy 94% 93% 91% 87% 90% 91%
Commission Leq 33.34 325 38.09 35.67 33.33 34.12
error Experience 25 26.25 7.14 8.23 19.05 18.75
Age 12.5 13.5 15.48 14.76 14.29 13.98
Metabolism 12.5 11.75 25 26.32 16.67 15.45
BMI 16.66 16 14.29 15.02 16.66 17.7
Accuracy 88% 97% 87% 90% 87% 92%
Response time Leq 47.22 46.78 24.99 25 29.99 28.75
Experience 8.33 7.92 2.09 2.1 9.99 8.5
Age 25 24.53 39.58 39.6 26.68 27.25
Metabolism 11.11 10.77 14.58 14.5 3.35 5
BMI 8.34 9 18.76 18.80 29.99 31.5
Accuracy 96% 89% 91% 95% 91% 89%
Reaction time Leq 43.64 42.50 44.44 31.74 39.99 38.50
Experience 21.81 22.30 11.11 11.81 9.99 10.25
Age 14.55 13.75 11.12 13.23 13.35 14
Metabolism 9.1 8.85 741 20.75 6.68 7.25
BMI 10.9 12.60 25.92 2247 29.99 30
Accuracy 99% 93% 96% 92% 91% 89%
Correct Leq 16.27 17 27.39 26.50 26.86 26.50
answer Experience 27.9 28.50 21.93 22.50 22.39 22
Age 11.62 12.03 9.59 10 7.46 7.75
Metabolism 18.6 17.97 19.18 18.75 17.92 18
BMI 25.58 24.50 21.19 22.25 25.37 25.75
Accuracy 99% 93% 96% 95% 91% 89%

the beginning, middle, and end of the shift is 46.78,
25.00, and 28.75, respectively. For reaction time,
according to the results obtained from modeling
with the Random Forest algorithm, the weight of
Leq at the beginning, middle, and end of the shift is
43.64, 44.44, and 39.99, respectively.

Additionally, the results from modeling with
the Deep Learning algorithm showed that the
weight of Leq at the beginning, middle, and end
of the shift is 42.50, 45.00, and 38.50, respectively.
For the correct answer, according to the results
obtained from modeling with the Random Forest
algorithm, the Body Mass Index (BMI) weight at
the shift’s beginning, middle, and end of the shift is
25.58, 21.91, and 25.37, respectively. Additionally,
the results from modeling with the Deep Learning
algorithm indicated that the weight of the Body
Mass Index (BMI) at the beginning, middle,
and end of the shift is 24.50, 22.25, and 25.75,
respectively.
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In this study, sustained attention changes and
physiological responses of workers exposed to
different sound pressure levels at the beginning,
middle and end of shifts were modeled using
Deep Learning and Random Forest algorithms.
Continuous Performance Test (CPT) results
suggested that omission error, commission error,
and reaction time among all three groups were
affected by shift time intervals, with all three
components significantly increasing at the end
of the shift; in other words, workers’ cognitive
functions decreased. The weight of the variables of
Leq, age, work experience, BMI, and metabolism for
each of the CPT and N-Back tests were calculated
at the shifts’ beginning, middle, and end.

The advantage of the present study is the use of
data mining algorithms to classify and weigh the
impact of factors affecting the results of N-BACK
and CPT tests. Using such algorithms increases
the studys accuracy compared to conventional
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statistical methods. The most important limitation
of the present study can be considered as its
cross-sectional design and lack of cooperation
of employees due to interference in their routine
tasks. It is suggested that future studies, research
be conducted longitudinally and with more
participants and in different occupations.

4. CONCLUSIONS

The findings of this study demonstrated
that higher noise weight values in test modeling
during three-time intervals, i.e., in the beginning,
middle, and end of the shift, affected continuous
performance and working memory performance
components, including workers’ response time and
reaction time, with the workers’ error rate increasing
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and their attention decreasing during the shift. On
the other hand, due to the high job sensitivity of
steelworkers, their number and exposure to various
hazardous agents, as well as unsafe environmental
conditions, their cognitive impairment could entail
grave consequences safety and control strategies
are warranted to remove the challenges. Therefore,
safety and health managers can use the present
study to run an effective strategy and improve the
cognitive functions of different groups of on-duty
workers.
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