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Background: Replacement drivers represent a significant portion of platform labor in the Republic of
Korea, often facing night shifts and the demands of emotional labor. Research on replacement drivers is
limited due to their widespread nature. This study examined the levels of presenteeism and absenteeism
among replacement drivers in comparison to those of paid male workers in the Republic of Korea.
Methods: This study collected data for replacement drivers and used data from the 6th Korean Working
Conditions Survey for paid male workers over the age of 20 years. Propensity score matching was per-
formed to balance the differences between paid workers and replacement drivers. Multivariable logistic
regression was used to estimate the adjusted odds ratio (OR) and 95% confidence intervals for pre-
senteeism and absenteeism by replacement drivers. Stratified analysis was conducted for age groups,
educational levels, income levels, and working hours. The analysis was adjusted for variables including
age, education, income, working hours, working days per week, and working duration.
Results: Among the 1,417 participants, the prevalence of presenteeism and absenteeism among
replacement drivers was 53.6% (n ¼ 210) and 51.3% (n ¼ 201), respectively. The association of pre-
senteeism and absenteeism (adjusted OR [95% CI] ¼ 8.42 [6.36�11.16] and 20.80 [95% CI ¼ 14.60�29.62],
respectively) with replacement drivers being significant, with a prominent association among the young
age group, high educational, and medium income levels.
Conclusion: The results demonstrated that replacement drivers were more significantly associated with
presenteeism and absenteeism than paid workers. Further studies are necessary to establish a strategy to
decrease the risk factors among replacement drivers.

� 2024 Occupational Safety and Health Research Institute. Published by Elsevier B.V. on behalf of
Institute, Occupational Safety and Health Research Institute, Korea Occupational Safety and Health

Agency. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/
licenses/by-nc-nd/4.0/).
1. Introduction

A platform worker, also known as a gig worker, connects con-
sumers and workers through an online platform [1]. The charac-
teristics of platform workers are typically low-income, temporary,
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and on-demand jobs [2,3]. The number of platform workers is
increasing, and according to a report released in December 2020,
the number of platform workers in the Republic of Korea was
estimated to be approximately 1.79 million, accounting for 7.4% of
the total workforce [3]. Platform workers are becoming more
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prevalent worldwide. In the United States, platform workers were
estimated to account for 34% of the total workforce, or approxi-
mately 55 million individuals, in 2017 [4]. By 2025, it is expected
that the majority of the workforce, including platformworkers, will
engage in the gig economy, contributing nearly $2.7 trillion to
global gross domestic product [5].

Replacement drivers, also known as “Daeri drivers”, are one of
the most common groups of platform workers in the Republic of
Korea [6]. Replacement driving began in 1980 when drunk driving
was banned, and a breathalyzer was used to measure the driver’s
blood alcohol level [7]. This has continued until the present day.
Replacement drivers generally work at night, transporting cus-
tomers’ vehicles to their destination, and frequently deal with
drunk clients [6]. Replacement drivers, unlike Uber and taxis, drive
a customer’s vehicle as if it were their own. A qualitative study
reported that replacement drivers work in an unsafe environment
and engage in emotional labor related to drunk customers [6].
Previous research on the long-term impact of emotional labor in-
dicates that it often leads to both presenteeism and absenteeism.
This is particularly relevant for replacement drivers who perform
emotionally taxing work during night shifts, raising concerns about
simultaneous occurrences of presenteeism and absenteeism in this
group [8,9].

Presenteeism refers to the continuation of work when an indi-
vidual is sick [10], while absenteeism is the absence of employees
from their jobs due to illness or injury [11]. Previous research has
shown that presenteeism and absenteeism could be affected by
working environment characteristics; in particular, presenteeism is
associated with health risks and conditions [12,13]. Presenteeism
potentially exposes workers to a loss of productivity, accidents, job
insecurity, poor health, and depression [10]. According to a study on
the potential loss to a company due to presenteeism in conjunction
with the sick leave registration data in Finland, the expected annual
loss is between 4.6 million and 5.6 million euros [14].

Currently, there is a gap in existing research examining the
relationship between presenteeism, absenteeism, and replacement
workers, despite its importance. Only the content of social security
system updates on presenteeism can be found in previous studies
on replacement workers [15]. Thus, this study compares the rela-
tionship between presenteeism and absenteeism in replacement
workers using a variety of demographic, behavioral, occupational,
and social participation characteristics. In addition, the prediction
of presenteeism and absenteeism in replacement workers is per-
formed usingmachine learning algorithms, including deep learning
techniques. This study offers a solution to the health problems
faced by male replacement workers.

2. Materials and methods

2.1. Study data and population

This study used two different datasets: platform data of
replacement drivers collected by the authors and the 6th Korean
Working Conditions Survey (KWCS) data for paid workers. The
platform data were collected between July 2021 and October 2022,
and 457 male replacement drivers were selected from a group of
replacement workers. Given the independence of replacement
drivers, a snowball sampling method was employed to attract
participants, enabling them to recruit additional participants [16]. A
community-based participatory research method was applied to
promote individual participation, emphasizing equal cooperation
between researchers and community members [17].

Basic demographics, socioeconomic status, and job-related and
psychological status, including absenteeism and presenteeism,
were evaluated. The survey for replacement drivers included the
same questionnaires as those in the KWCS. Only male workers in
the KWCS and platform data were included in this study owing to
insufficient female replacement drivers (n ¼ 8).

In compliance with ethical guidelines, informed consent was
obtained from all replacement driver participants following insti-
tutional review board approval for this study.

Since 2006, the KWCS, which is nationally representative via
stratified sampling [18], has been conducted by the Korea Occu-
pational Safety and Health Institutions. It is a nationwide study
utilized to acquire basic data for industrial accident prevention
plans by investigating various employment and labor conditions
that affect occupational safety and health [19,20]. The 6th KWCS
examined 50,538 workers in 2020. The participants were
economically active people aged 15 years or older. The inclusion
criterion for our study regarding KWCS data was male paid
workers.

The exclusion criteria in this study were as follows (Fig. S1):

Platform survey data are as follows: 1) Female participants
(n ¼ 8); 2) missing data (n ¼ 21).
KWCS: 1) aged <20 (n ¼ 70); 2) female participants
(n ¼ 26,795); 3) people who were not wage workers
(n ¼ 11,292); and 4) missing data (n ¼ 1,568).
2.2. Outcomes, independent variables, and other covariates

The outcomes of the study were absenteeism and presenteeism.
The questions regarding absenteeism were as follows: “Over the
past 12 months (or since you started your job), how many days in
total were you absent fromwork due to sick leave or health-related
leave?”. Absenteeism was defined as whether individuals experi-
enced it for even just one day or not. The question regarding pre-
senteeism was as follows: “Over the past 12 months (or since you
started your job), did you work when you were sick?” This study
investigated presenteeism by determining whether individuals
experienced it or not. The platform survey participants were “male
replacement workers” as an independent variable, while the con-
trol group consisted of male paid workers of the KWCS. The
adjusted variables were age, education level, income, working
hours, working days per week, and working duration. Education
level was separated into two categories: higher than graduate
university and below high school. Income was classified into 3
categories based on the annual income of 24 million (Korean won
[KRW]) and 48 million KRW: “High”, “Middle”, and “Low”. Working
hours per week was divided into two categories: “�40 hours” and
“>40 hours”. Working days per week were separated into two
categories based on five days: “>5 days” and “�5 days”. Working
duration was classified into 3 categories based on 3 years and 10
years: “<3 years”, “<10 years”, and “�10 years”.

2.3. Statistical analysis

Propensity score (PS) matching with a ratio of 1:3 (caliper width
0.2) was performed to balance the difference between paid workers
and replacement drivers while minimizing potential confounding
bias. The PS was estimated using logistic regression with variables
of age, education, income, working hours, working days per week,
and working duration. The standardized mean difference was uti-
lized as an indication for assessing the imbalance between treat-
ment and control group prior to PS matching.

The frequency (%) and mean (standard deviation, SD) of the
baseline characteristics were calculated according to the replace-
ment drivers and paid workers. To compare the differences be-
tween entire and matching, or replacement drivers and paid
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workers, the chi-squared test for categorical variables and the t test
for continuous variables were used. The adjusted odds ratios (ORs)
and 95% confidence intervals (CIs) for presenteeism and absen-
teeism by replacement drivers in the PS-matched population were
estimated using univariate and multivariate logistic regression
models.

To assess the relationship between presenteeism and absen-
teeism and replacement drivers in each stratum, stratification an-
alyses by age group, education, income, and working hours were
performed. The age group was divided based on the median age of
the participants (55 years). Educational level, income level, and
working hours were stratified according to previously classified
categories.

Machine learning was trained using 70% of the training set and
30% of the test set. Data training was conducted on the training set,
and validation was conducted on the test set. Owing to unbalanced
data regarding the prevalence of the outcomes, this study con-
ducted data oversampling. Machine learning was utilized for pre-
dictionwith the variables of age, education, income, working hours,
working duration, and working days per week.

Furthermore, to ascertain whether a better prediction model for
presenteeism and absenteeism exists, generalized logistic model
(GLM), Naive Bayes (NB), recursive partitioning and regression
trees (RPAR T), linear discriminant analysis (LDA), quadratic
discriminant analysis (QDA), and generalized boosted models
(GBMs) were used as machine learning algorithm systems. Modern
neural network layers, activation functions, optimizers, and tools
for evaluating, measuring, and debugging deep neural networks are
all supported by TensorFlow [21]. The area under the curve (AUC)
and balanced accuracy of each machine learning model were
calculated in this study.

The occupational characteristics of the control group were
classified according to the occupation classification or employment
status. First, the occupation classification was classified as “white-
collar workers” and “non-white-collar workers” (office workers,
managers, and professional technician as white-collar workers and
others as non-white-collar workers). The employment status in the
control group was classified as “temporary workers” and “regular
workers”. The adjusted OR (95% CI) was estimated using a logistic
regression model to measure the relationship between presentee-
ism and absenteeism in those subgroups, compared to the
replacement driver group.

A p value <0.05 was regarded as statistically significant for all
two-sided statistical tests. R (The R Foundation for Statistical
Computing, Vienna, Austria, version 4.0.5) was used to conduct all
statistical analyses, except for deep learning. The “Caret” package
was used to perform machine learning. To develop the deep
learning model, Keras/TensorFlow (version 2.9.1) was used via Py-
thon (version 3.10.6).

3. Results

The absolute value of the standardized mean difference of each
variable was less than 0.1, demonstrating that the matching was
acceptable (Table S1). After PS matching, 1,462 individuals
remained from 11,339 participants. The mean (SD) age of all par-
ticipants was 45.06 (13.63), and the proportion of replacement
drivers was 26.49% (n ¼ 428). The prevalence of presenteeism and
absenteeism among replacement drivers was 53.7% (n ¼ 230) and
52.6% (n ¼ 225), respectively. The prevalence of presenteeism and
absenteeism among paid workers was 9.4% (n ¼ 1,025) and 3.7%
(n ¼ 403), respectively. Replacement drivers had a significantly
higher prevalence of experience in presenteeism and absenteeism,
high education level, low income level, long working hours, more
than 5 working days per week, and working duration was 3 to 10
years (all p < 0.001). After PS matching, replacement drivers had a
significantly higher prevalence of experience in presenteeism and
absenteeism, high education level, medium income level, long
working hours, more than 5 working days per week, and working
duration was 3 to 10 years (Table 1).

In the adjusted model, replacement drivers had a higher OR of
presenteeism (crude OR ¼ 8.41 [95% CI ¼ 6.41e11.03], p < 0.001)
and a higher OR of absenteeism (crude OR ¼ 23.23 [95% CI ¼ 16.4e
33.03], p < 0.001) than paid workers. After adjusting for covariates,
the relationship was maintained (Presenteeism Model: adjusted
OR ¼ 8.77 [95% CI ¼ 6.65e11.58], p < 0.001), and replacement
drivers had a significant association with absenteeism (Absen-
teeism Model: adjusted OR ¼ 24.14 [95% CI 16.85e34.58],
p < 0.001), compared to paid workers (Table 2).

According to the stratification analysis (Table 3), presenteeism
has a significantly higher association with replacement drivers in
the young age group, high education level, high income level, and
long working hours. In contrast, absenteeism has a significantly
stronger association with replacement drivers in the old age group,
high education level, medium income level, and long working
hours.

After adjusting for covariates, in the stratification of regular paid
workers according to their occupation classification, replacement
drivers (Absenteeism Model: OR ¼ 33.00 [95% CI ¼ 17.20e63.29],
p < 0.001, Presenteeism Model: OR 8.39 ¼ [95% CI ¼ 5.59e12.59],
p < 0.001) were significantly associated with absenteeism and
presenteeism, compared with non-white-collar workers who were
not significantly associated with absenteeism (OR ¼ 1.53 [95%
CI ¼ 0.75e3.13], p ¼ 0.238) or presenteeism (OR ¼ 0.94 [95%
CI ¼ 0.61e1.44], p ¼ 0.768) and with white-collar workers. In the
stratification of employment status, replacement drivers were
significantly associated with absenteeism (OR ¼ 26.61 [95%
CI ¼ 17.77e39.83], p < 0.001) and presenteeism (OR ¼ 8.69 [95%
CI ¼ 6.46e11.69], p < 0.001), whereas temporary workers were not
significantly associated with absenteeism (OR ¼ 1.52 [95%
CI ¼ 0.75e3.06], p ¼ 0.241) or presenteeism (OR ¼ 0.96 [95%
CI ¼ 0.58e1.58], p ¼ 0.855), compared with regular workers
(Table 4). Furthermore, when analyzing participants who only had
a main job, among the replacement drivers, 273 had a main job, 88
had second jobs, and 22 did not respond. In comparison, 1,079 paid
workers had a main job. After adjusting for covariates, replacement
drivers were significantly associated with absenteeism (OR¼ 30.32
[95% CI ¼ 20.49e44.84], p < 0.001) and presenteeism (OR ¼ 9.79
[95% CI ¼ 7.17e13.36], p < 0.001).

According to the machine learning algorithm of presenteeism
and absenteeism (Table S2), the most predictive model for absen-
teeism was NB (0.923), followed by GBM (0.918) and QDA (0.917).
The most predictive model for presenteeism was GLM(0.841) and
NB&LDA (0.839), followed by QDA (0.836), based on the AUC values
of the models (Fig. S2A, B). According to the deep learning algo-
rithms of absenteeism conducted by TensorFlow, the AUC value of
the model was 0.856, with a balanced accuracy of 0.863 (number of
nodes: 16, dropout probability: 0.2, learning rate: 0.001, batch size:
32, epochs: 100). The AUC value of the model in presenteeism was
0.791, with a balanced accuracy of 0.850 (number of nodes: 16,
dropout probability: 0, learning rate: 0.005, batch size: 32, epochs:
100) (Fig. S2C, D).

4. Discussion

In this study, both presenteeism and absenteeismwere found to
have a significant relationship in replacement drivers; among
them, absenteeism indicated a particularly stronger relationship. A
stratified analysis revealed that the association of both presentee-
ism and absenteeism with replacement drivers was significant,



Table 1
Baseline characteristics of participants by presenteeism and absenteeism

Variable Entire population The PS-matched population

Paid workers
(n ¼ 10,911)

Replacement drivers
(n ¼ 428)

p Paid workers
(n ¼ 1,079)

Replacement drivers
(n ¼ 383)

p

Age <0.001 0.067

Mean (SD) 44.8 � 13.6 56.0 � 7.9 56.5 � 9.8 55.6 � 7.9

Presenteeism <0.001 <0.001

No 9,886 (90.6%) 198 (46.3%) 949 (88.0%) 178 (46.5%)

Yes 1,025 (9.4%) 230 (53.7%) 130 (12.0%) 205 (53.5%)

Absenteeism <0.001 <0.001

No 10,508 (96.3%) 203 (47.4%) 1,031 (95.6%) 184 (48.0%)

Yes 403 (3.7%) 225 (52.6%) 48 (4.4%) 199 (52.0%)

Education 0.856 0.079

High 6,460 (59.2%) 251 (58.6%) 522 (48.4%) 206 (53.8%)

Low 4,451 (40.8%) 177 (41.4%) 557 (51.6%) 177 (46.2%)

Income <0.001 0.127

High 2,718 (24.9%) 80 (18.7%) 207 (19.2%) 80 (20.9%)

Medium 6,393 (58.6%) 173 (40.4%) 521 (48.3%) 162 (42.3%)

Low 1,800 (16.5%) 175 (40.9%) 351 (32.5%) 141 (36.8%)

Working hour <0.001 0.574

<40 hours 7,272 (66.6%) 203 (47.4%) 476 (44.1%) 176 (46.0%)

�40 hours 3,639 (33.4%) 225 (52.6%) 603 (55.9%) 207 (54.0%)

Working days for week <0.001 0.663

>5 days 2,250 (20.6%) 265 (61.9%) 604 (56.0%) 220 (57.4%)

�5 days 8,661 (79.4%) 163 (38.1%) 475 (44.0%) 163 (42.6%)

Working duration <0.001 0.628

<3 years 3,545 (32.5%) 108 (25.2%) 309 (28.6%) 101 (26.4%)

<10 years 4,039 (37.0%) 198 (46.3%) 499 (46.2%) 187 (48.8%)

�10 years 3,327 (30.5%) 122 (28.5%) 271 (25.1%) 95 (24.8%)

Values are expressed by n (%) or mean (SD).
SD, standard deviation.
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with a prominent association in the young age group, and those
with high education and medium income levels. Moreover, after
classifying the control group based on occupation or employment
status, the extent of the association between presenteeism and
absenteeism and replacement drivers was significantly high. In-
dividuals whose main job was replacement driving demonstrated
significantly more presenteeism than those whose second jobs
were replacement driving. In the machine learning analysis, QDA
was the most accurate model for presenteeism and absenteeism.
Table 2
The ORs (95% CIs) of presenteeism and absenteeism by replacement drivers in logistic re

Variable Values Presenteeis

Odds ratios

Platform Paid workers 1.00 (reference)
Replacement drivers 8.77 6.65

Age Age 1.00 0.98

Education High 1.00 (reference)
Low 0.93 0.71

Income High 1.00 (reference)
Medium 1.14 0.79
Low 0.93 0.62

Working hour <40 hours 1.00 (reference)
�40 hours 1.52 1.07

Working days for week >5 days 1.00 (reference)
�5 days 0.94 0.66

Working duration High 1.00 (reference)
Medium 1.05 0.75
Low 1.23 0.84

CI, confidence interval; OR, odds ratio.
* Adjusted by age, education, income, working hour, working days for week, and wor
Replacementworkers have the characteristics of temporarywork.
Replacement drivers among replacement workers have the charac-
teristics of outdoor and night shift work. These characteristics are
associated with absenteeism and presenteeism. There is a significant
probability of presenteeism in the caseof temporaryworkers because
of job instability, such as the conversion to regular workers or main-
tenance of employment [22,23]. Furthermore, prior research has
demonstrated that temporaryworkerswhowork shifts have a higher
rate of long-term sick leave [24]. Among blue-collar workers, those
gression model

m model* Absenteeism model*

CI p Odds ratios CI p

1.00 (reference)
e11.58 <0.001 24.14 16.85e34.58 <0.001

e1.01 0.656 0.99 0.97e1.01 0.249

1.00 (reference)
e1.23 0.621 0.81 0.58e1.14 0.225

1.00 (reference)
e1.64 0.489 1.15 0.73e1.80 0.549
e1.39 0.717 1.15 0.71e1.85 0.580

1.00 (reference)
e2.16 0.020 1.57 1.03e2.39 0.035

1.00 (reference)
e1.34 0.746 0.95 0.62e1.44 0.805

1.00 (reference)
e1.46 0.796 1.77 1.17e2.69 0.007
e1.80 0.296 1.29 0.79e2.10 0.304

king duration.



Table 3
Presenteeism and absenteeism according to SES and working hour

Values Presenteeism* Absenteeism*

Odds ratio CI p Odds ratio CI p

Age �55 10.83 7.15e16.41 <0.001 22.90 13.56e38.65 <0.001
>55 7.31 4.98e10.74 <0.001 24.66 14.93e40.72 <0.001

Education High 9.13 6.16e13.55 <0.001 26.90 16.11e44.92 <0.001
Low 8.43 5.63e12.62 <0.001 20.51 12.27e34.29 <0.001

Income High 11.48 5.83e22.59 <0.001 23.20 10.03e53.69 <0.001
Medium 10.42 6.89e15.77 <0.001 31.17 18.02e53.91 <0.001
Low 5.90 3.63e9.57 <0.001 22.04 11.53e42.15 <0.001

Working hour <40 hours 7.51 4.89e11.54 <0.001 20.74 11.75e36.62 <0.001
�40 hours 10.08 6.95e14.61 <0.001 31.07 19.16e50.39 <0.001

CI, confidence interval.
* Adjusted by age, education, income, working hour, working days for week, and working duration.

H. Park et al / Cross-sectional Studies and Machine Learning Techniques 155
engaged in construction or civil engineering with outdoor working
characteristics, a trait of replacement drivers, also had higher pre-
senteeism thanwhite-collar workers [25].

Even considering these characteristics, the OR of the
replacement driver for presenteeism and absenteeism was higher
than that of the regular worker. According to the analysis that
employed a stratified control group based on occupation classi-
fication or employment status, replacement drivers were more
strongly associated with presenteeism and absenteeism than
temporary workers or non-white-collar workers, compared to
regular or white-collar workers. This implies that in addition to
temporary and outdoor characteristics, replacement drivers may
have more characteristics, such as the absence of a supervisor, no
colleagues, no time pressure, irregularities in work schedule, and
income instability, compared to temporary or outdoor shift
workers. A previous study indicated that manager’s workplace
interventions affect presenteeism and absenteeism [22,23]. Some
supervisors can help reduce absenteeism and presenteeism in
the workplace through healthcare systems and work environ-
ment changes [22]. Consequently, replacement drivers with no
Table 4
The ORs (95% CIs) of presenteeism and absenteeism according to the employment status

Variable Values The employment status

Absenteeism P

Odds ratio (CIs) p Odds ra

Job stat Regular 1.00 (reference) 1.00 (ref
Temporary 1.52 (0.75e3.06) 0.241 0.96 (0.5
Replacement
drivers

26.61 (17.77e39.83) <0.001 8.69 (6.4

Collar job White-collar
worker

Non-white-collar
worker

Replacement
drivers

Age 0.99 (0.97e1.01) 0.213 1.00 (0.9

Education High 1.00 (reference) 1.00 (ref
Low 0.79 (0.56e1.11) 0.180 0.94 (0.7

Income High 1.00 (reference) 1.00 (ref
Medium 1.14 (0.72e1.79) 0.575 1.14 (0.7
Low 1.11 (0.69e1.80) 0.667 0.93 (0.6

Working hour <40 hours 1.00 (reference) 1.00 (ref
�40 hours 1.61 (1.06e2.46) 0.027 1.51 (1.0

Working days for week >5 days 1.00 (reference) 1.00 (ref
�5 days 0.95 (0.63e1.46) 0.827 0.94 (0.6

Working duration High 1.00 (reference) 1.00 (ref
Medium 1.83 (1.20e2.80) 0.005 1.04 (0.7
Low 1.34 (0.82e2.18) 0.249 1.22 (0.8

CI, confidence interval.
* Adjusted by age, education, income, working hour, working days for week, and wor
supervisors are expected to experience a high rate of pre-
senteeism and absenteeism and do not experience time pressure
or have coworkers. This may lead to lack of responsibility for
work and reduced work efficiency. Furthermore, those who work
on a case-by-case basis may be able to take a leave of absence
while enduring economic loss and reducing the emotional
burden in the case of illness. Therefore, because absence may be
determined more quickly for replacement drivers than for paid
workers, the extent of the association between absenteeism and
replacement drivers was greater than that of presenteeism.

According to previous studies, absenteeism and presenteeism
are inversely associated with paid workers’ income in Sweden, the
United States, Portugal, and Malaysia [26e29], whereas high in-
come levels were significantly associated with presenteeism and
absenteeism in this study. Since replacement drivers might work as
much as they want and are paid more for each additional job they
undertake, presenteeism is thought to be more prevalent among
high-income earners. Individuals with high absenteeism are
thought to have decided that since they have already profited, they
should rest if they feel unwell.
and the occupation classification in logistic regression model

* The occupation classification*

resenteeism Absenteeism Presenteeism

tio (CIs) p Odds ratio (CIs) p Odds ratio (CIs) p

erence)
8e1.58) 0.855
6e11.69) <0.001

1.00 (reference) 1.00 (reference)

1.53 (0.75e3.13) 0.238 0.94 (0.61e1.44) 0.768

33.00 (17.20e63.29) <0.001 8.39 (5.59e12.59) <0.001

8e1.01) 0.668 0.99 (0.97e1.01) 0.213 1.00 (0.98e1.01) 0.674

erence) 1.00 (reference) 1.00 (reference)
1e1.24) 0.641 0.77 (0.55e1.09) 0.145 0.94 (0.71e1.26) 0.696

erence) 1.00 (reference) 1.00 (reference)
9e1.64) 0.485 1.12 (0.71e1.76) 0.623 1.14 (0.79e1.65) 0.472
2e1.40) 0.737 1.11 (0.69e1.80) 0.670 0.94 (0.62e1.40) 0.747

erence) 1.00 (reference) 1.00 (reference)
6e2.15) 0.023 1.56 (1.02e2.37) 0.038 1.52 (1.07e2.16) 0.020

erence) 1.00 (reference) 1.00 (reference)
6e1.34) 0.743 0.96 (0.63e1.46) 0.833 0.94 (0.66e1.34) 0.739

erence) 1.00 (reference) 1.00 (reference)
4e1.46) 0.823 1.79 (1.18e2.72) 0.006 1.04 (0.74e1.46) 0.808
3e1.80) 0.313 1.32 (0.81e2.15) 0.265 1.22 (0.83e1.79) 0.310

king duration.
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Predicting absenteeism and presenteeism among replacement
drivers is vital to ensure the sustainability of the labor force in the
platform work sector, especially in a changing labor market. The
fundamental emphasis of platform worker research advances
beyond just decreasing prevalence of diseases to improving overall
health at work [30]. Despite their irregular work schedules,
replacement drivers’ absenteeism and presenteeism must be
assessed in relation to their working environment. In the machine
learning analysis, the AUC of absenteeism was higher than that of
presenteeism, which might be due to the high OR value of absen-
teeism. Thus, absenteeism among replacement drivers is an
important characteristic that is required for prediction. In addition,
the AUC values of deep learning andmachine learning did not differ
significantly in this study. In general, the larger the dataset, the
better the statistical predictive capacity for pattern recognition
[31]. Due to the study’s small dataset, it seems that the statistical
predictive capacity has not been sufficiently enhanced. This might
result in a minor difference between the machine learning and
deep learning AUC values. Considering the high AUC value, both
absenteeism and presenteeism can be considered as important
characteristics representing replacement drivers.

This study has several strengths. First, to the best of our
knowledge, this is the first study in Asia to examine the relationship
between presenteeism and absenteeism and replacement driver
characteristics. Second, owing to the dispersed job characteristics
of replacement drivers, the recruitment process presented
considerable challenges. However, these challenges were effec-
tively navigated by employing the snowball sampling method, a
strategy that proved successful in enlisting participants for the
study. The findings of this study highlighted the significant chal-
lenges in gathering data from vulnerable populations, underlining
their high level of vulnerability and the critical need for research in
areas with limited information. Third, this study had the advantage
of using a sizable sample from the KWCS dataset as a reference,
which is representative of the sociodemographic and job-related
variables of the Korean population. However, this study had
several limitations. First, as this was a cross-sectional study, we
were unable to establish a causal relationship between presentee-
ism, absenteeism, and replacement driver characteristics. Second,
we did not consider several variables that may have acted as un-
measured confounders, including health-related factors, insomnia,
and other psychological conditions that might affect presenteeism
and absenteeism. Third, it is challenging to recruit a population
representative enough for generalization due to the unique job
characteristics of replacement drivers. Future research employing
random sampling to target replacement drivers specifically is
essential for more generalized findings. Further studies on the
health outcomes of replacement drivers should utilize a well-
designed cohort with detailed job characteristic information.
Fourth, memory and recollection biases can affect survey results.

Thefindings of this studydemonstrated that replacementdrivers
experienced presenteeism and absenteeism to a greater extent than
paid workers. This stronger association may be due to temporary
work, outdoor work, and absence of supervision, among other
replacement driver characteristics. Given the high prevalence of
presenteeism and absenteeism among replacement drivers, more
comprehensive research and strategy development to control pre-
senteeism and absenteeism of replacement drivers’ risk factors is
required.
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