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Abstract

Background: Construction workers working in physically and mentally challenging environments experience

high levels of occupational fatigue, which is the primary cause of industrial accidents and ilinesses. Therefore, it is
very important to measure fatigue in real time to manage the safety and health of construction workers. This study
presents a novel approach for simultaneously measuring the subjective and objective fatigue of construction workers
using ecological momentary assessment (EMA) and smartwatches. Due to the complexity and diversity of construc-
tion site environments, it is necessary to examine whether data collection using smartwatches is suitable in actual
construction sites. This study aims to examine the feasibility of the integrated fatigue measurement method.

Methods: This study comprised two phases: (1) development of an integrated fatigue measurement system for con-
struction workers, and (2) a validation study to evaluate the method'’s feasibility based on sensor data acquisition, EMA
compliance, and feedback from construction workers in the field (N =280). Three days of biometric data were collected
through sensors embedded in the smartwatches for objective fatigue measurement, including heart rate, acceler-
ometer, and gyroscope data. Two types of self-reported data regarding each worker’s fatigue were collected through
a researcher-developed EMA application. The acceptability and usability of this system were examined based on the
researchers’observations and unstructured interviews.

Results: Based on the standardized self-report questionnaire scores, participants were classified into high (n =35,
43.75%) and low (n =45, 56.25%) fatigue groups for comparison. The quantitative outcomes did not show a statisti-
cally significant difference between the two fatigue groups. Both groups experienced positive emotions and were
able to recognize their health condition at the time of self-reporting, but stated that responding to this measurement
system could be burdensome.

Conclusions: This feasibility study provides a unique understanding of the applications of EMA and smartwatches for
safety management in the construction workforce. The developed measurement system shows potential for monitor-
ing fatigue based on the real-time collection of relevant data. It is expected that by expanding this integrated system
through further research and onsite application, the health and safety of construction workers can be improved.
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Background

Construction workers experience high levels of occupa-
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work errors and reduced awareness of dangerous situa-
tions [1-3]. In 2019, the number of deaths in the private
construction industry increased to 1061, the highest since
2007 [4]. In the United States, more than 200,000 cases
of injuries and illnesses were reported among construc-
tion workers in 2019, resulting in a total of 79,700 days of
labor loss [5]. Therefore, it is necessary to decrease the
occupational fatigue of construction workers to ensure
improved safety and health at construction sites.

Fatigue is defined as a loss of efficiency and lassitude
or exhaustion resulting from bodily labor or mental exer-
tion that inhibits motivation for any type of effort [6, 7].
Considering the complex and multidimensional nature of
fatigue, there is ongoing research on measuring fatigue.
Researchers have often focused on the causes and effects
of fatigue as substitutes for fatigue itself [7, 8]. Previous
studies identified factors that cause fatigue, for exam-
ple, sleep deprivation, long work shifts, and demanding
physical or mental activities [3, 7]. Several researchers
reported a reduction in safe working behavior, job perfor-
mance, productivity, teamwork, and morale as a result of
excessive fatigue [1, 7].

Many studies have traditionally used self-reported
questionnaires to measure occupational fatigue [9-12].
The subjective measurement of fatigue is based on the
perception of symptoms that people experience when
they feel physically, mentally, and functionally exhausted
[8]. When subjectively measuring fatigue, evaluating
self-reported symptoms of mental and physical fatigue is
typical [8, 13, 14]. However, certain questionnaires suf-
fer from methodological limitations in the assessment
of objective and real-time fatigue, because most of these
measures require recalling the past few days, weeks, or
months [15]. Several studies suggest that it is necessary
to measure real-time fatigue multiple times in a day to
consider the characteristics of rapid changes in fatigue [8,
16]. Ecological momentary assessment (EMA) could be
applicable in this regard.

EMA is defined as a subjective and repetitive evalua-
tion of time-varying variables in real time under natu-
ral settings [17]; it is a method of repeatedly collecting
the data reported by subjects in real time for individual
symptoms, affects, and behaviors in a natural environ-
ment [18]. It allows research participants to report emo-
tions, thoughts, and behaviors experienced through
portable electronic devices (such as smartphones, actig-
raphy, and personal digital assistants) that they can
carry in their daily lives [19-21]. Compared with ret-
rospective self-reports, EMA is advantageous in that it
decreases the subject’s recall bias and can also evaluate
temporary associations among several variables simul-
taneously [17, 18]. It provides information pertaining
to the contextual changes in subjects [18, 22]. Recently,
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EMA has been applied in several health studies to
understand depression, addiction, and general fatigue
[17, 20, 21, 23-25]. However, no attempt has been made
yet to use this method to assess occupational fatigue of
construction workers.

Researchers from diverse fields have developed fatigue
instruments using new technologies. Objectively observ-
able variables include neuronal activity or cardiorespira-
tory metrics [26, 27]. Objective fatigue measurements
detect physiological indicators (for example, skin temper-
ature, electroencephalogram, heart rate, muscle fatigue,
eyelid movement, and energy consumption of physical
activities), biometric indicators (for example, posture
change, jerk, and head nodding), and cognitive fatigue
indicators (for example, reaction time) [8, 15]. Although
this approach provides real-time objective proxy data, it
fails to capture subjective data. Thus, it is necessary to
integrate both subjective and objective measures simul-
taneously to comprehensively capture real time data with
respect to the natural environment [13, 16, 28].

Several studies have focused on testing wearable sen-
sors for the objective measurement of the fatigue of
construction workers [26, 27, 29]. These studies used
physiological metrics such as heart rate, surface elec-
tromyography, and skin temperature [2, 26, 27, 29-31].
Previous studies quantified physical fatigue [26, 31] and
verified the accuracy and reliability of wearable sensing
technology to measure the physical fatigue of construc-
tion workers in real time through physiological metrics
[27, 29]. However, the majority of these studies were
conducted with a relatively limited sample size in a con-
trolled laboratory environment, rather than in the real
world and natural environment [2, 27, 30, 32]. Due to
the complex and diverse working environment of a con-
struction site, it is necessary to examine whether data
collection using wearable sensors is suitable at actual
construction sites. Thus, this study aims to examine the
feasibility of both subjective and objective fatigue meas-
urements using wearable devices for construction work-
ers. We (1) developed an integrated system to measure
the fatigue of construction workers using both subjec-
tive and objective data; (2) examined the feasibility and
usability of applying this newly developed system for
construction workers in the field; and (3) discussed the
contextual and methodological challenges during the
implementation of this system.

Methods

This study comprises two phases: (1) development of an
integrated fatigue measurement system for construction
workers using both subjective and objective real-time
data and (2) evaluation of feasibility and usability based
on the feedback of construction workers in the field.
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Fig. 1 Integrated fatigue measurement system procedure

Phase 1: development of an integrated fatigue
measurement system

This measurement system includes a smartwatch (Galaxy
Watch Active 2; Samsung Electronics Co., Ltd., Repub-
lic of Korea), an application for sensor data collection,
LASoR (LK2 Consulting, Republic of Korea), and the
developed EMA application as well as a smartphone
(Galaxy S7 or later released; Samsung Electronics Co.,
Ltd., Republic of Korea). Our interdisciplinary research
team developed the integrated fatigue measure using
both wearable devices and the EMA methodology. The
interdisciplinary research team comprised construction
management, nursing, data science, and IT experts for
sensor data collection. We conducted a preliminary sur-
vey on 108 construction workers and selected a smart-
watch as the wearable device. We also consulted user
interface designers who confirmed that the user interface
design of the EMA application was better supplemented
by inserting emoticons, such as by applying a color scale.
The collected EMA data were stored in local storage. In
addition, the smartwatch sent the collected sensor data

to the smartphone via Bluetooth in real time, and the
smartphone sent the data to the cloud server via Wi-Fi
every hour (Fig. 1).

Smartwatch and smartphone

The main hub of our system is a smartwatch (Gal-
axy Watch Active 2; Samsung Electronics Co., Ltd.,,
Republic of Korea) and smartphone (Galaxy S7 or later
released; Samsung Electronics Co., Ltd., Republic of
Korea). The product dimensions of the smartwatch are
1.6 x 1.6 x 0.41in., and its weight is 26 g. It has an inter-
nal storage of 1.4GB and a battery life of up to 95h per
charge. This smartwatch was selected due to its sev-
eral advantages. Being based on the Korean language,
it has an easy-to-understand interface compared with
other products. In addition, it is also more user friendly
because it provides various applications and functions
that are well-integrated in the Android OS that is mostly
used by Korean construction workers. It also uses Wi-Fi
and is efficient at sending data.
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Application for sensor data collection, LASoR

This smartwatch consists of several passive sensors
including an accelerometer, gyro sensor, heart rate sen-
sor, light sensor, and global positioning system. It can col-
lect various biometric signals, including physical activity,
sleep patterns, and psychological distress. The biometric
data collected through sensors embedded in the smart-
watch include heart rate, three-axis accelerometer, and
three-axis gyroscope data. Heart rate is the most widely
used form of physiological information for personal
health status [2, 33]. Photoplethysmography (PPG) sen-
sors are used to measure heart rate. Accelerometer and
gyroscope data are collected to evaluate the amount of
activity of workers. In previous studies, the feasibility
of recognizing the activity of workers was verified using
smartwatch acceleration data, without interfering with
their ongoing work [34, 35]. The three-axis acceleration
is the acceleration force data along each axis (x, y, and z
axes) collected from the accelerometer, and the three-
axis gyroscope is the rotational speed around each axis.
These data can be used to detect motion and measure the
amount of activity. The three-axis accelerometer, which
measures inertial body motions, provides information-
rich data regarding the workers’ activities, without con-
siderable additional computational expenses [36].

EMA application

We developed the EMA application to load on the smart-
watch. Our interdisciplinary research team consulted
construction site managers and occupational nurses to
detect symptoms of fatigue in a timely manner without
interfering with the daily lives of the construction work-
ers. We have developed applications for smartwatches
that can respond to questions, considering that it is dif-
ficult for construction workers to use their smartphones
to respond while working. Because construction workers
wear protective gloves during work, the application was
developed such that they can respond even when wearing
gloves by pressing a button on the smartwatch.

The EMA app collected two types of self-reported data
regarding the worker’s fatigue. First, the worker reports
the overall fatigue levels after receiving an hourly alarm
prompt (hereinafter referred to as EMA (type 1)). The
worker answers the second EMA question regarding the
participant’s fatigue symptoms four times a day when (a)
starting the work, (b) taking regular breaks, and (c) fin-
ishing the work (hereinafter referred to as EMA (type 2)).
Five specific questions were extracted from the Korean
version of the Swedish occupational fatigue inven-
tory (K-SOFI) [16] to evaluate momentary occupational
fatigue among construction workers. In this study, the
fatigue level was measured on a 6-point Likert scale (0 =
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“not at all’; 5="severe fatigue”). Originally, the SOFI was
on a 7-point Likert scale (0 = “not at all’} 6 = “very high
level”) [9]; however, we revised it to a 6-point Likert scale
based on the findings from interviews with construction
site managers and several construction workers that high
levels of fatigue were not frequent [16].

Phase 2: validation study to evaluate feasibility

In the second phase, we collected the data from 100 con-
struction workers in the field and evaluated data acqui-
sition, compliance with EMA, feasibility, acceptability,
and usability. Feasibility of this developed system was
assessed in line with recommendations of previous stud-
ies [18, 37, 38] using the following metrics: (a) sensor data
acquisition rates as an objective fatigue measurement, (b)
rates of EMA compliance as subjective fatigue measure-
ment, and (c) self-reported acceptability and usability of
smartwatch-based EMA. All study participants provided
informed consent, and the study design was approved by
the Institutional Review Board of the affiliated univer-
sity (IRB No. XXX-2019-11-001 for anonymous review).
Researchers explained the purpose, protocol, and strate-
gies to the construction site manager working on site to
protect personal information.

Study participants

Because this feasibility study measured fatigue by using
EMA and collecting physiological data of construction
workers, the sample size was determined by referring
to previous studies. First, according to studies related to
physiological data collection of construction workers,
the advantage of sensor data measurement is that it can
be analyzed with relatively few subjects (10-25 people)
compared to self-report studies such as surveys [2, 26, 27,
29]. Second, in previous studies on the EMA of fatigue,
approximately 40—80 participants were analyzed [23, 39,
40]. The number of subjects to be used for analysis was
chosen to be 80, referring to previous studies, and the
sample size was calculated as 100 corresponding to the
expected dropout rate of 20%.

A sample of 100 Korean construction workers was
enrolled from five construction sites. Participants were
recruited via an announcement posted on the bulletin
boards or via word-of-mouth, and the construction site
managers assisted recruiting the participants. The inclu-
sion criteria were as follows: (1) age>19vyears, (2) the
ability to use a smartwatch and smartphone, and (3) the
ability to understand the EMA instructions. The exclu-
sion criteria were as follows: (1) non-Korean workers and
(2) workers using a smartphone other than an Android
smartphone. After checking the data completeness,
seven participants were excluded from the analyses due
to data for classifying fatigue groups. Of the 93 study
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participants, 80 completed the entire protocol: (a) five
dropped out during data collection due to device connec-
tion problems, (b) six dropped out due to work schedule
changes, and (c) two dropped out by accidentally unin-
stalling the EMA app during the study. The final data
of 80 participants were included for the data analyses
(Fig. 2).

Measures
Study participants completed the baseline questionnaires
on the socio-demographic, work-related, and health-
related characteristics. Socio-demographic character-
istics included age, sex, marital status, education, and
living status. Work-related characteristics include work
experience, working hours of a day, employment form,
and working intensity. Health-related characteristics
include height, weight, smoking, drinking, and exercise.
K-SOFI was used to assess fatigue levels at the base-
line for classification into the high and low fatigue
groups [16]. The SOFI is internationally used to meas-
ure self-reported fatigue [9]. It comprises measures for
lack of energy, physical exertion, physical discomfort,
lack of motivation, and sleepiness (range: 0-120) [13].
The Korean version of the SOFI has demonstrated suit-
able reliability (Cronbach alpha ranging from .70 to
.90) and has been tested on construction workers [16].
Based on the mean value of the K-SOFI of the partici-
pants, 1.56 (SD=1.28), the high fatigue (higher than
1.56) and the low fatigue groups (lower than 1.56) were
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classified through a group comparison, based on the
data acquisition rate or compliance with EMA.

Data collection procedure

The data were collected using standardized self-report
questionnaires, K-SOFI, and the smartwatches with
the EMA application were installed between July and
November 2020. Our strategy was to evaluate construc-
tion workers’ fatigue over three working days using
the developed system. The research team installed an
application for data transfer on their smartphones.
Trained research assistants explained the purpose of
the self-reported EMA and smartwatches. In order to
facilitate accurate self-reports by the participants and
maintain strong inter-rater and intra-rater reliability,
we provided video supplements to explain the approach
to EMAs and the specific fatigue symptoms depending
on levels. Whenever needed, trained research assis-
tants additionally taught the participants to operate
the smartwatches. Participants were expected to wear
the smartwatch at all times, except during charging
and bathing. To manage battery limitations, research-
ers instructed the participants to charge their smart-
watches daily. To incentivize involvement, researchers
encouraged the completion of all measures and indi-
cated the remote monitoring of compliance; addition-
ally, participants received a reward worth US $100
during the study.

Excluded (n=7)

A

* Did not respond to the
baseline questionnaire

Enrollment (n=93) |

}
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Results

General characteristics of the study participant

Based on the mean value of the SOFI score, 35 partici-
pants were classified as the high fatigue group (43.75%)
and 45 as the low fatigue group (56.25%). The major-
ity of the men were middle-aged, who were married
and living with their family. Their average work experi-
ence is approximately 11.81+10.70years. They work an
average of 8 to 10h each day. There was no difference
between the high and low fatigue groups in terms of most
of the general characteristics. However, the high fatigue
group reported poorer levels of perceived health status
(x*=9.046, p<0.05), and the low fatigue group reported
longer sleep times the day before work (t=1.786,
p=0.078; Table 1).

Quantitative outcomes

Sensor data acquisition rates

Three types of sensor data were collected using smart-
watches: heart rate, three-axis accelerometer, and three-
axis gyroscope data. Heart rate data is the average 1-min
rate measured using a PPG sensor. The data of each of
the 80 final participants were collected every second and
aggregated into three time zones: morning work, after-
noon work, and sleep time. Valid data were sensor data
measured from participants wearing smartwatches dur-
ing work or sleep, and a total of 9,632,061 HR, 10,840,297
three-axis accelerometer, and 10,840,297 three-axis
gyroscope valid data were collected. Sensor data col-
lected from smartwatches through the application were
organized in chronological order on each participant’s
Excel sheet. We calculated whether sensor data for each
participant were collected without omission every sec-
ond based on the work and sleep times recorded by the
workers. The sensor data acquisition rate for each partici-
pant was defined as the ratio of valid data to total data.
Table 2 shows a comparison of sensor data acquisition
rates for each fatigue group across the three time zones.
The sensor data acquisition rate for each time zone was
calculated as follows: the sum of the three-day valid data
counts for each time zone divided by the total number of
data should be collected for each time zone for 3 days.
The mean acquisition rate of accelerometer and gyro-
scope data is 86.55% (95% CI 82.39-90.18%). However,
the mean heart rate data acquisition rate is 76.58% (95%
CI 70.50—-81.86%), which is lower than the mean acqui-
sition rate of the accelerometer and gyroscope data.
Among the high fatigue group, the average accelerom-
eter and gyroscope data acquisition rate is 84.40% (95%
CI 76.02-90.75%), while for the low fatigue group, the
average is 88.23% (95% CI 83.67-92.28%). For heart rate,
the average data acquisition rate among the high fatigue
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group is 75.16% (95% CI 64.58—83.92%) and for the low
fatigue group, it is 77.67% (95% CI 70.36—84.18%). There
was no statistically significant correlation between the
two fatigue groups across all the three types of sensor
data.

EMA compliance rates

In a three-day experiment, two types of EMA data were
collected using the app loaded on the smartwatches. For
EMA (type 1), comprising a simple questionnaire on sub-
jective individual fatigue on the 6-point Likert scale, the
maximum amount of data was 2469 during the 3-day
study period. It was calculated as the number of times
each participant responded per hour within the actual
working hours. A total of 1910 (77.36%) EMA (type 1)
data were collected, 1767 (71.57%) of which were valid
for analysis. Some participants responded again within
minutes to this value, although ideally, responses were
only expected once an hour. These values were treated
as follows: (a) if re-entered within 5min of the first value,
the last value was considered as valid data; and (b) if re-
entered 5min after the first value, the average of all the
values was considered to be the valid data. Of the 80 par-
ticipants, 65 (81.25%) recorded valid data for EMA (type
1) at least 6 times a day on average. The EMA compliance
rate was calculated as the ratio of valid data to the maxi-
mum amount of data for each participant. The compli-
ance rate of EMA (type 1) among the high fatigue group
was 71.53% (95% CI 64.94-77.35%), and the compliance
rate of EMA (type 1) among the low fatigue group was
71.52% (95% CI 66.07-76.69%); thus, there was no signif-
icant difference between the two fatigue groups.

For EMA (type 2), consisting of five questions that
measure momentary symptoms of fatigue, the maxi-
mum amount of data planned was 960. It was calculated
by multiplying the number of participants (80 samples)
with the participation period (3days) and the number of
changes in the work state (4 times per day). A total of 735
(76.56%) EMA (type 2) data were collected, 618 (64.38%)
of which were valid for analysis. The compliance rate of
EMA (type 2) among the high fatigue group was 66.19%
(95% CI 55.91-75.62%), and the compliance rate of EMA
(type 2) among the low fatigue group was 62.96% (95% CI
53.60-70.66%); thus, there was no significant difference
between the two fatigue groups.

The difference in the two types of EMA compliance
rates between the fatigue groups was not statistically
significant, but the average compliance rate of the high
fatigue group was slightly higher in both EMA responses.
However, when analyzing the correlation between the
general characteristics of the participant and the com-
pliance rates through further analysis, EMA (type 2)
showed a significant correlation with age (r=-—.287,



Seong et al. BMC Public Health  (2022) 22:1593 Page 7 of 12

Table 1 Differences in general characteristics between the two fatigue groups (N=80)

Variables Total (N =80) High fatigue group Low fatigue group p
(n=35) (n =45)
Age, mean (SD) 4486 (11.49) 46.71 (11.40) 4342 (11.48) 206
Work experience (year), mean (SD) 11.81(10.70) 12.17 (9.98) 11.53(11.34) 793
Sex, n (%) 207
Male 78(97.5) 35(100.0) 43 (95.56)
Female 2(2.5) 0(0.0) 2 (4.44)
Marital status, n (%)® 547
Not married 26 (32.5) 10 (28.6) 16 (35.5)
Married 48 (60.0) 23 (65.7) 25 (55.6)
Divorced or separated 4(5.0) 1(2.85) 3(6.7)
Education, n (%)? 701
Middle school 4(5.0) 1(2.9) 3(6.7)
High school 34 (42.5) 16 (45.7) 18 (40.0)
College or above 41 (51.2) 18 (51.4) 23 (51.1)
Living status, n (%)? 730
Living alone 12 (15.0) 5(14.3) 7(15.6)
Living with family members 53 (66.3) 25(71.4) 28 (62.2)
Living with nonfamily members 14 (17.5) 5(14.3) 9(20.0)
Working hour of a day, hour (%) 750
Lessthan 8h 24 (30.0) 9(25.7) 15(33.4)
8to 10h 41(51.2) 18 (51.4) 23(51.1)
10to 12h 12(15.0) 6(17.1) 6(13.3)
12h or more 3(3.8) 2(5.7) 1(2.2)
Employment form, n (%)? 130
Full-time 21 (26.25) 12 (34.3) 9(20.0)
Dispatched 6(7.5) 1(2.9) 5010
Contract 27 (33.75) 10 (28.6) 17 (37.8)
Temporary 19 (23.8) 11(314) 8(17.8)
Others 6(7.5) 1(2.8) 5011.1)
Work intensity, n (%) 299
Extremely hard 6 (7.5) 3(8.6) 3(6.7)
Hard 31(38.7) 17 (48.5) 14 (31.1)
Normal 37 (46.3) 12 (34.3) 25 (55.6)
Easy 5(6.3) 3(8.6) 2(44)
Extremely easy 1(1.2) 0(0.0) 1022
Smoking, n (%) 946
Never smoker 24 (30.0) 10 (28.6) 14 (31.1)
Current smoker 52 (65.0) 23 (65.7) 29 (64.4)
Past smoker 4(5.0) 2(5.7) 244
Drinking, n (%) 873
No 22 (27.5) 8(22.9) 14 (31.1)
2-3 times a month 6(20.0) 7(20.0) 9(20.0)
1-2 times a week 23(28.7) 12 (34.3) 11 (24.5)
3-4 times a week 7(21.3) 7(20.0) 10(22.2)
Everyday 2 (2.5) 1(2.8) 1(2.2)
Exercise, n (%) 373
Almost every day 4(5.0) 2(5.7) 2(44)
3-4 times a week 8(10.0) 3(8.6) 5(11.1)
2-3 times a week 4(5.0) 3(8.6) 12
1-2 times a week 31(38.8) 10 (28.6) 21 (46.7)
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Table 1 (continued)
Variables Total (N =80) High fatigue group Low fatigue group p
(n = 35) (n = 45)
No 33(41.2) 17 (48.5) 16 (35.6)
Perceived health status, n (%)? 029
Good 15(18.8) 3(8.6) 12 (26.7)
Moderate 51(63.7) 24 (68.6) 27 (60.0)
Poor 9(11.3) 7(20.0) 2(4.4)
Sleep time the day before work, hour (SD) 6.449 (1.19) 6.186 (1.01) 6.659 (1.28) 078

" P-value<.05

# missing data included

Table 2 Sensor data acquisition rate by type per group

Variable Total (N =80)

Mean (95% ClI)

High fatigue group (n =35)
Mean (95% Cl)

Low fatigue group (n =45)
Mean (95% Cl)

Data acquisition rate (%) during morning work
79.87% (73.59-85.17%)
92.75% (88.85-96.39%)
92.75% (88.85-96.39%)
Data acquisition rate (%) during afternoon work
79.13% (72.48-84.68%)
91.41% (87.20-94.90%)
91.41% (87.20-94.90%)
Data acquisition rate (%) during sleep time

67.81% (59.99-75.88%)
72.54% (64.68-80.17%)
72.54% (64.68-80.17%)

Heart rate
Accelerometer
Gyroscope

Heart rate
Accelerometer
Gyroscope

Heart rate
Accelerometer
Gyroscope

77.85% (67.26-86.67%)
91.70% (83.15-97.61%)
91.70% (83.15-97.61%)

79.68% (67.67-89.85%)
91.68% (84.01-97.94%)
91.68% (84.01-97.94%)

64.31% (49.14-76.92%)
65.92% (50.68-78.72%)
65.92% (50.68-78.72%)

81.44% (73.81-88.34%)
93.57% (89.21-97.28%)
93.57% (89.21-97.28%)

78.71% (70.52-85.92%)
91.20% (86.38-95.64%)
91.20% (86.38-95.64%)

70.52% (59.15-81.64%)
77.69% (68.20-86.63%)
77.69% (68.20-86.63%)

p=0.01), but EMA (type 1) did not exhibit any statisti-
cally significant correlation.

Qualitative outcomes

Acceptability and usability

The acceptability and usability of this system were exam-
ined based on the observations and unstructured inter-
views performed by the research team. Both groups felt
positive emotions while using this fatigue measurement
system. Based on open-ended feedback, participants
expressed perceptions of acceptability and usability
through representative quotes such as “assisted in recog-
nizing fatigue at the time of self-reporting” and “allowed
me to ponder upon my health condition” However, there
were also negative perceptions, reflecting dissatisfaction
or discomfort while using this system. Representative
quotes for this perception included, “it was uncomfort-
able to wear it because I do not usually wear a watch,” and
“sometimes I felt burdened owing to interference with
work? Participants also cited the burden of responding as
reasons for EMA non-compliance owing to difficulty in
recognizing the individual fatigue level experienced.

Problems and solution

During the study, a few problems were encountered.
Device errors sometimes occurred while using the
smartwatch. For example, when sensor data stored
in the smartwatch were not transmitted to the smart-
phone in real time, they had to be transmitted manually
by pressing the transfer button; the main reasons for
this were that the participants had accidentally turned
off Bluetooth or experienced interruptions in Internet
connectivity. In addition, for a worker located under-
ground, the data transmission was delayed or data loss
occurred due to network communication problems.
Furthermore, the smartwatches were sometimes dis-
charged while working, despite regular charging by the
participants. Due to the nature of work of construction
workers, they often worked from early morning to late
evening, which hindered securing the charging time.
Because sleep was important for alleviating fatigue,
we asked the participants to wear smartwatches dur-
ing sleep time to collect physiological data during sleep
that resulted in insufficient charging time. Therefore,
this problem could be alleviated if construction workers
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wore smartwatches only during work and charged them
at other times.

Participants were more aware of their condition and
responded to them because EMA (type 2) was based on
a questionnaire on five symptoms of fatigue. However,
many of the participants said that they were significantly
burdened because of the need to answer five questions,
with their working state changing four times a day. Some
participants mentioned that there were cases when they
answered five questions without contemplating owing to
time conflicts at the start of the work. We confirmed that
most participants preferred to respond to EMA (type 1)
over EMA (type 2).

Discussion

This study aims to evaluate the feasibility of using an
integrated system to measure fatigue of construction
worker using EMA and smartwatches. We classified
them into high and low fatigue groups based on SOFI
scores and collected diverse types of data, such as the
EMA to measure subjective fatigue while working, sensor
data to measure objective fatigue, and self-report ques-
tionnaires. The high fatigue group reported poorer lev-
els of perceived health status than the low fatigue group,
but there was no significant difference between the two
fatigue groups in terms of the other general characteris-
tics. The quantitative outcomes showed that there was no
significant difference in sensor data acquisition rates and
EMA compliance rates between the two fatigue groups;
however, the EMA (type 2) compliance rate was cor-
related with age. The qualitative outcomes showed that
they experienced positive emotions by being interested
in their health condition after using our fatigue meas-
urement system. However, they also felt burdened while
using the smartwatch because it often interrupted their
work while responding to the scheduled EMA.

In the case of sensor data, a relatively high acquisition
rate was realized merely by wearing a smartwatch on the
wrist. In this study, the mean working time of partici-
pants is 10£1.18 h a day, and the mean time of the accel-
erometer and gyroscope data collection is 9.3+2.08h a
day, accounting for 92.9%. The reasons for the missing
data are as follows: (a) Internet connection was discon-
nected for a long time due to underground work or user
manipulation error, (b) the participant did not wear the
smartwatch because its battery was discharged or the
participant forgot to wear the smartwatch, and (c) smart-
watch or data-collection application errors. The mean
of heart rate data acquisition rate was lower than the
accelerometer and gyroscope data because there were
missing values owing to lose attachment of smartwatch
on the wrist. Most wristband-type wearable devices use
PPG sensors for heart rate measurement, and several
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researchers have attempted to improve noise problems
in heart rate data obtained from the daily exercises of
subjects in controlled laboratory environments and to
evaluate the accuracy of PPG-based heart rate monitor-
ing [29, 41-43]. However, because PPG signals are sensi-
tive to motion artifacts caused by user movement during
data acquisition [29, 42], more missing values in heart
rate than accelerometers and gyroscopes occurred due to
signal noise, when data were collected from construction
workers with considerable physical movements.

The findings of this study suggested that EMA is a fea-
sible and useful methodology that promises potential
applications in the construction industry. The method
of fatigue measurement of construction worker using
smartwatch with EMA can provide symptoms of fatigue
subjectively and objectively in real time. It is possible
to monitor the individual pattern and examine fatigue
fluctuations during a day. The two types of self-reported
EMA data demonstrated suitable compliance rates com-
pared to other feasibility studies on EMA [37, 44, 45]. The
use of EMA in the construction population is novel, and
additional research is perhaps required to better under-
stand and maximize EMA acceptability and compliance
among construction workers suffering from occupa-
tional fatigue. EMA was originally conducted individu-
ally; however, the peer-support system proved effective
owing to the collective working environment of con-
struction workers in the current study. Despite the ten-
dency of older workers to avoid using mobile technology,
younger coworkers assisted in responding to their EMA.
EMA (type 1) comprising a simple question was appro-
priately collected regardless of age; however, in the case
of EMA (type 2) comprising five questions, the compli-
ance rate was lower for older workers. Workers assisted
one another in responding to EMA (type 1) because the
prompt sounded at a set time during work, but in case
of EMA (type 2) that necessitated response at a time
when individual work status changed, the older workers
unfamiliar with smartwatches faced difficulty respond-
ing. This suggests that effective strategies are required
to enhance compliance and acceptability in this popula-
tion. Thus, in case of EMA (Type 2), it is necessary that
the safety or health officers at construction sites remind
the older workers at the start or end of work. It is also
important to select valid questions to measure momen-
tary fatigue of construction workers. Therefore, research-
ers should consider its practicality, select the appropriate
instrument, and train workers [17].

Through interviews with construction workers who
participated in this study, we found that they were
more interested in health than expected. Some partici-
pants reported faithfully responding to EMA because
they wanted to check their health status. In previous
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studies, most monitoring systems for application in
construction sites focused on allowing safety managers
or site managers to check the workers’ conditions in
real time [2, 27, 29, 46]. Researchers of previous stud-
ies indicated that early detection of fatigue symptoms
of construction workers in the field enables timely
interventions such as rests [15]. Through this study, it
is expected to enable voluntary and active safety and
health management that motivates construction work-
ers by facilitating the recording of their fatigue condi-
tion during work.

However, several methodological issues were identi-
fied in this study, which provide valuable information
for the further development of fatigue measurement
systems for construction workers. Sleep is an impor-
tant factor that affects workers’ fatigue [47], but col-
lecting sleep data using a smartwatch causes battery
discharge problems. In this study, 27.5% of the partici-
pants did not wear smartwatches while sleeping, and
they reported the inconvenience of wearing a smart-
watch while sleeping, followed by the lack of battery
charging time. Thus, the collection of sleep data using
smartwatches is not feasible, and this should be modi-
fied in future studies. In addition, one of the important
factors to consider when applying wearable sensing
technology to the industry is the social and privacy
issues [15, 48]. A few workers expressed concern over
their personal information being potentially stored on
the device. Because wearable sensing technology is
vulnerable to data security risks, strong security meas-
ures must be adopted to protect the workers’ personal
information from security threats for actual construc-
tion site application [49].

Overall, while the study showed acceptance and fea-
sibility of this developed system, there are several limi-
tations in this study. First, we used an instrument that
is internationally used to assess occupational fatigue
for classifying the participants into two fatigue groups,
because this instrument has shown suitable reliabil-
ity and has been tested on Korean construction work-
ers [16]. However, defining a fatigue group may require
further evaluation based on assessment of fatigue
caused by various complex factors. In addition, the
participants were recruited at the construction site of
large construction companies in Korea; therefore, they
may not appropriately reflect the general construction
population owing to cultural and institutional differ-
ences. Hence, it is necessary to address this issue by
evaluating the feasibility of incorporating construction
workers belonging to various countries and cultures
in future research. Moreover, the use of incentives and
researchers’ bias may have caused an overstatement of
compliance.
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Conclusions

Our fatigue measurement system is a novel approach that
integrates wearable sensing technology and EMA meth-
odology and can be utilized for subjectively and objec-
tively measuring the fatigue of construction workers.
Many systems using wearable sensing technology have
been developed to obtain only physiological data of con-
struction workers. Moreover, the previous studies did not
collect actual data from workers at construction sites and
did not adopt EMA for subjective fatigue data collection.
By contrast, our system was applied to actual construc-
tion sites and integrated self-reported data on fatigue
into the system leveraging EMA methodology. To obtain
both subjective and objective fatigue data, we imple-
mented a cloud-based IoT system comprising a smart-
watch, a smartphone, and an EMA application, made
feasible by our interdisciplinary research team through
collaboration with several experts working in the health-
care and ICT industry. We found that objective and sub-
jective fatigue symptoms were appropriately collected
by the proposed fatigue measurement system based on
wearable sensing technology and EMA. The developed
fatigue monitoring system can reduce the accident rates
of construction workers and provide an opportunity to
develop a fatigue management system. However, the cur-
rent feasibility study is limited to describing only a pro-
portion of data acquisition. Thus, future studies should
further investigate detailing sensor data to develop future
fatigue monitoring systems for the construction industry.

Abbreviations

Cl: Confidence interval; EMA: Ecological momentary assessment; ICT: Informa-
tion and communication technology; IoT: Internet of things; IT: Information
technology; PPG: Photoplethysmography; SOFI: Swedish occupational fatigue
inventory.

Acknowledgements
We greatly appreciate all study participants and the cooperation of participat-
ing construction site managers.

Authors’ contributions

Each author uniquely contributed in the following specific research steps:

SS, conceptualization, data collection, data analysis, methodology, writing -
original draft, writing - review & editing; SP, conceptualization, data collection,
methodology, writing - review & editing; YA, conceptualization, data collec-
tion, writing - review & editing, funding acquisition; and HK, conceptualization,
data analysis, methodology, writing - original draft, writing - review & editing,
supervision, funding acquisition. All authors read and approved the final
manuscript.

Funding

This work was supported by the Korea Agency for Infrastructure Technology
Advancement (KAIA) grant funded by the Ministry of Land, Infrastructure and
Transport (Grant 22CTAP-C163903-02) and an intramural grant (6-2021-0200)
by the College of Nursing, Yonsei University.

Availability of data and materials

The datasets generated and/or analyzed during the current study are not
publicly available due to the informed consent form distributed to all subjects
to inform them that the data collected in the study would not be provided to



Seong et al. BMC Public Health (2022) 22:1593

third parties who did not participate in the study, but are available from the
corresponding author on reasonable request.

Declarations

Ethics approval and consent to participate

All methods were carried out in accordance with the relevant guidelines

and regulations. This study was approved by the Institutional Review Board
(IRB No. HYU-2019-11-001) of the Hanyang University. All participants were
informed of the study’s purpose and that their participation was voluntary,
they had the freedom to withdraw, and their anonymity and confidentiality
would be protected. Full written and informed consent was obtained from all
subjects.

Consent for publication
Our informed consent included the consent for publication which the
enrolled participants signed.

Competing interests
The authors declare that they have no competing interests.

Author details

'Department of Smart City Engineering, Hanyang University, 55 Hanyang-
daehak-ro, Sangnok-gu, Ansan, Gyeonggi-do, Republic of Korea. 2School

of Architecture and Architectural Engineering, Hanyang University, 55
Hanyangdaehak-ro, Sangnok-gu, Ansan, Gyeonggi-do, Republic of Korea.
3College of Nursing, Yonsei University, 50-1 Yonsei-ro, Seodaemun-gu, Seoul,
Republic of Korea. *Mo-Im Kim Nursing Research Institute, Yonsei University,
50-1 Yonsei-ro, Seodaemun-gu, Seoul, Republic of Korea.

Received: 17 March 2022 Accepted: 3 August 2022
Published online: 22 August 2022

References

1. Fang DP, Jiang ZM, Zhang MZ, Wang H. An experimental method to study
the effect of fatigue on construction workers'safety performance. Saf Sci.
2015;73:80-91.

2. Gatti UC, Schneider S, Migliaccio GC. Physiological condition monitoring
of construction workers. Automat Constr. 2014;44:227-33.

3. Techera U, Hallowell M, Stambaugh N, Littlejohn R. Causes and conse-
quences of occupational fatigue: meta-analysis and systems model. J
Occup Environ Med. 2016;58(10):961-73.

4. US Bureau of Labor Statistics. Census of Fatal Occupational Injuries
Summary, 2019. 2020. https://www.bls.gov/news.release/cfoi.nr0.htm.
Accessed 28 Sept 2021.

5. US Bureau of Labor Statistics. Employer-Reported Workplace Injuries and
llinesses, 2020. 2021. https://www.bls.gov/news.release/osh.nr0.htm.
Accessed 10 Jan 2022.

6. Grandjean E. Fatigue in industry. Occup Environ Med. 1979;36(3):175-86.

7. Hallowell MR. Worker fatigue: managing concerns in rapid renewal high-
way construction projects. Prof Saf. 2010;55(12):18-26.

8. Techera U, Hallowell M, Littlejohn R, Rajendran S. Measuring and
predicting fatigue in construction: empirical field study. J Constr Eng M.
2018;144(8):04018062.

9. Ahsberg E, Garnberale F, Kjellberg A. Perceived quality of fatigue during
different occupational tasks development of a questionnaire. Int J Ind
Ergon. 1997,20(2):121-35.

10. Beurskens AJ, Bultmann U, Kant |, Vercoulen JH, Bleijenberg G, Swaen
GM. Fatigue among working people: validity of a questionnaire measure.
Occup Environ Med. 2000;57(5):353-7.

11. VanVeldhoven M, Broersen S. Measurement quality and validity of the
“need for recovery scale” Occup Environ Med. 2003;60(Suppl 1):i3-9.

12. Zhang M, Sparer EH, Murphy LA, Dennerlein JT, Fang D, Katz JN, et al.
Development and validation of a fatigue assessment scale for US con-
struction workers. Am J Ind Med. 2015;58(2):220-8.

13. Ahsberg E. Dimensions of fatigue in different working populations. Scand
J Psychol. 2000,41(3):231-41.

20.

21

22.

23.

24.

25.

26.

27.

28.

29.

30.

31

32.

33

34.

35.

Page 11 of 12

Sudo N, Ohtsuka R. Fatigue scale by industrial fatigue research Commit-
tee of Japan Association of Ind Health, 1969. 1969. https://ci.nii.acjp/
naid/10019606860/en/.

Anwer S, Li H, Antwi-Afari MF, Umer W, Wong AYL. Evaluation of
physiological metrics as real-time measurement of physical fatigue

in construction workers: State-of-the-Art Review. J Constr Eng M.
2021;147(5):03121001.

Lee S, Seong S, Park S, Lim J, Hong S, Cho Y, et al. Korean version of the
Swedish occupational fatigue inventory among construction workers:
cultural adaptation and psychometric evaluation. Int J Environ Res Public
Health. 2021;18(8):4302.

Shiffman S, Stone AA, Hufford MR. Ecological momentary assessment.
Annu Rev Clin Psychol. 2008;4:1-32.

Ramsey AT, Wetherell JL, Depp C, Dixon D, Lenze E. Feasibility and accept-
ability of smartphone assessment in older adults with cognitive and
emotional difficulties. J Technol Hum Serv. 2016;34(2):209-23.

Engelen L, Chaua JY, Burks-Young S, Bauman A. Application of ecological
momentary assessment in workplace health evaluation. Health Promot J
Aust. 2016;27(3):259-63.

Kim H, Lee S, Lee S, Hong S, Kang H, Kim N. Depression prediction by
using ecological momentary assessment, actiwatch data, and machine
learning: observational study on older adults living alone. JMIR mHealth
uHealth. 2019;7:€14149.

Kim S, Kwon J-H. Effects of emotion experiences and gaming motiva-
tions on internet gaming behaviors in daily life: an ecological momentary
assessment study. Korean J Clin Psychol. 2018;37(4):573-89.

Moskowitz DS, Young SN. Ecological momentary assessment: what it is
and why it is a method of the future in clinical psychopharmacology. J
Psychiatry Neurosci. 2006;31(1):13-20.

Abdel-Kader K, Jhamb M, Mandich LA, Yabes J, Keene RM, Beach S, et al.
Ecological momentary assessment of fatigue, sleepiness, and exhaustion
in ESKD. BMC Nephrol. 2014;15(1):1-8.

Band R, Barrowclough C, Caldwell K, Emsley R, Wearden A. Activity
patterns in response to symptoms in patients being treated for chronic
fatigue syndrome: an experience sampling methodology study. Health
Psychol. 2017;36(3):264-9.

Cook PF, Hartson KR, Schmiege SJ, Jankowski C, Starr W, Meek P. Bidi-
rectional relationships between fatigue and everyday experiences in
persons living with HIV. Res Nurs Health. 2016;39(3):154-63.

Anwer S, Li H, Antwi-Afari MF, Umer W, Wong AY. Cardiorespiratory and
thermoregulatory parameters are good surrogates for measuring physi-
cal fatigue during a simulated construction task. Int J Environ Res Public
Health. 2020;17(15):5418.

Aryal A, Ghahramani A, Becerik-Gerber B. Monitoring fatigue in con-
struction workers using physiological measurements. Automat Constr.
2017;82:154-65.

Leung AWS, Chan CCH, He JF. Structural stability and reliability of the
Swedish occupational fatigue inventory among Chinese VDT workers.
Appl Ergon. 2004,35(3):233-41.

Hwang S, Seo J, Jebelli H, Lee S. Feasibility analysis of heart rate monitor-
ing of construction workers using a photoplethysmography (PPG)
sensor embedded in a wristband-type activity tracker. Automat Constr.
2016;71:372-81.

Anton D, Rosecrance J, Gerr F, Merlino L, Cook T. Effect of concrete block
weight and wall height on electromyographic activity and heart rate of
masons. Ergonomics. 2005;48(10):1314-30.

Wong DP-l, Chung JW-y, Chan AP-c, Wong FK-w, Yi W. Comparing

the physiological and perceptual responses of construction work-

ers (bar benders and bar fixers) in a hot environment. Appl Ergon.
2014,45(6):1705-11.

Antwi-Afari MF, Li H, Edwards DJ, Parn EA, Owusu-Manu D-G, Seo J, et al.
Identification of potential biomechanical risk factors for low back disor-
ders during repetitive rebar lifting. Constr Innov. 2018;18(2):206-26.
Achten J, Jeukendrup AE. Heart rate monitoring. Sports Med.
2003;33(7):517-38.

Ravi N, Dandekar N, Mysore P, Littman ML. Activity recognition from
accelerometer data. Aaai. 2005;5:1541-6.

Ryu J, Seo J, Jebelli H, Lee S. Automated action recognition using an
accelerometer-embedded wristband-type activity tracker. J Constr Eng
M. 2019;145(1):04018114.


https://www.bls.gov/news.release/cfoi.nr0.htm
https://www.bls.gov/news.release/osh.nr0.htm
https://ci.nii.ac.jp/naid/10019606860/en/
https://ci.nii.ac.jp/naid/10019606860/en/

Seong et al. BMC Public Health  (2022) 22:1593 Page 12 of 12

36. Joshua L, Varghese K. Accelerometer-based activity recognition in con-
struction. J Comput Civ Eng. 2011;25(5):370-9.

37. Porras-Segovia A, Molina-Maduefio RM, Berrouiguet S, Lopez-Castroman
J, Barrigdn ML, Pérez-Rodriguez MS, et al. Smartphone-based ecologi-
cal momentary assessment (EMA) in psychiatric patients and student
controls: a real-world feasibility study. J Affect Disord. 2020;274:733-41.

38. Thabane L, Ma J, Chu R, Cheng J, Ismaila A, Rios LP, et al. A tutorial
on pilot studies: the what, why and how. BMC Med Res Methodol.
2010;10(1):1-10.

39. Powell DJH, Liossi C, Schlotz W, Moss-Morris R. Tracking daily fatigue fluc-
tuations in multiple sclerosis: ecological momentary assessment provides
unique insights. J Behav Med. 2017;40(5):772-83.

40. Burke LA, Naylor G. Daily-life fatigue in mild to moderate hearing
impairment: an ecological momentary assessment study. Ear Hear.
2020;41(6):1518-32.

41. Parak J, Korhonen |. Evaluation of wearable consumer heart rate monitors
based on photopletysmography. Annu Int Conf IEEE Eng Med Biol Soc.
2014;2014:3670-3.

42, TamuraT, Maeda Y, Sekine M, Yoshida M. Wearable photoplethysmo-
graphic sensors—past and present. Electronics. 2014;3(2):282-302.

43. Zhang Z. Heart rate monitoring from wrist-type photoplethysmographic
(PPG) signals during intensive physical exercise. In: 2014 IEEE Global
Conference on Signal and Information Processing (GlobalSIP); 2014. p.
698-702.

44. Czyz EK, King CA, Nahum-Shani |. Ecological assessment of daily
suicidal thoughts and attempts among suicidal teens after psychiatric
hospitalization: lessons about feasibility and acceptability. Psychiatry Res.
2018;267:566-74.

45. Kleiman EM, Turner BJ, Fedor S, Beale EE, Huffman JC, Nock MK. Examina-
tion of real-time fluctuations in suicidal ideation and its risk factors:
results from two ecological momentary assessment studies. J Abnorm
Psychol. 2017;126(6):726.

46. YuYT, LiH,Yang XC, Kong LL, Luo XC, Wong AYL. An automatic and non-
invasive physical fatigue assessment method for construction workers.
Automat Constr. 2019;103:1-12.

47. KimY, Lee S, Lim J, Park S, Seong S, Cho'Y, et al. Factors associated with
poor quality of sleep in construction workers: a secondary data analysis.
Int J Environ Res Public Health. 2021;18(5):2279.

48. Choi B, Hwang S, Lee S. What drives construction workers'acceptance of
wearable technologies in the workplace?: indoor localization and wear-
able health devices for occupational safety and health. Automat Constr.
2017,84:31-41.

49. Awolusi |, Marks E, Hallowell M. Wearable technology for personalized
construction safety monitoring and trending: review of applicable
devices. Automat Constr. 2018;85:96-106.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Ready to submit your research? Choose BMC and benefit from:

fast, convenient online submission

thorough peer review by experienced researchers in your field

rapid publication on acceptance

support for research data, including large and complex data types

gold Open Access which fosters wider collaboration and increased citations

maximum visibility for your research: over 100M website views per year

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions . BMC




	Development of an integrated fatigue measurement system for construction workers: a feasibility study
	Abstract 
	Background: 
	Methods: 
	Results: 
	Conclusions: 

	Background
	Methods
	Phase 1: development of an integrated fatigue measurement system
	Smartwatch and smartphone
	Application for sensor data collection, LASoR
	EMA application

	Phase 2: validation study to evaluate feasibility
	Study participants
	Measures
	Data collection procedure


	Results
	General characteristics of the study participant
	Quantitative outcomes
	Sensor data acquisition rates
	EMA compliance rates

	Qualitative outcomes
	Acceptability and usability
	Problems and solution


	Discussion
	Conclusions
	Acknowledgements
	References


