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Abstract
Work is closely intertwined with employees’ sleep quantity and quality, with consequences for well-being and productiv-
ity. Yet despite the conceptualization of sleep health as a multidimensional pattern of various sleep characteristics, little is 
known about workers’ experiences of the diverse range of sleep health dimensions (e.g., sleep regularity, daytime alertness, 
and sleep efficiency in addition to quantity and quality) proposed by contemporary frameworks. The present study integrates 
modern sleep frameworks with the Job Demands-Control-Support Model to describe common multidimensional sleep health 
phenotypes among employees and their associations with job characteristics. Across two national samples (N1 = 2353; 
N2 = 1260) of working adults from the Midlife in the United States study, latent class analysis indicated three common sleep 
health phenotypes: (1) good sleepers who exhibit good sleep across all dimensions, (2) catch-up sleepers who sleep longer on 
non-workdays and shorter on workdays but exhibit otherwise good sleep, and (3) short, dissatisfied, inefficient, and irregular 
sleepers (SDIIs) who were suboptimal across four of the five measured sleep health dimensions. Good sleepers reported 
low job demands, high control, and high support (similar to a low-strain job). Catch-up sleepers reported high job control 
and moderate demands and support (similar to an active job). SDIIs reported high demands, low control, and low support 
(similar to a high-strain job). We discuss implications for job characteristics theories, sleep health frameworks, and practical 
management of employee sleep when measured as a multidimensional pattern of sleep health experiences.

Sleep is not only a biological necessity (Eidelman, 2002) but 
is now recognized as a core component of both employee 
health and organizational functioning. The health conse-
quences of insufficient sleep are extensive and wide-ranging, 
including greater risk of depression (Zhai et al., 2015), car-
diovascular disease (Cappuccio et al., 2011), and all-cause 
mortality (Gallicchio & Kalesan, 2009). In the workplace, 
poor sleep is associated with worse performance (Henderson 
& Horan, 2021), fewer organizational citizenship behaviors 
(Barnes et al., 2013), and greater risk for workplace injury 
(Brossoit et al., 2019) as well as engagement in abusive lead-
ership (Tariq et al., 2019) and unethical behaviors (Barber & 
Budnick, 2015). Despite its importance, healthy sleep evades 
many workers. Sleep researchers have declared a “sleep cri-
sis” (see Barnes & Drake, 2015) based on findings that one 

in three American adults experiences consistently insuffi-
cient sleep (CDC, 2021). Insufficient sleep, at this scale, 
costs tens of billions of dollars to economies around the 
world each year (Hafner et al., 2017).

Organizations shape employees’ schedules, moods, 
energy levels, and attitudes (ten Brummelhuis & Bakker, 
2012) and, in turn, have a profound influence on their sleep 
(Barnes et al., 2016; Basner et al., 2014; Crain et al., 2017). 
Careful consideration of how work experiences relate to 
sleep health may benefit employers and employees alike 
(Barnes & Drake, 2015). A growing body of research has 
begun to clarify the work-sleep link. This literature has 
generally been informed by work characteristics theories 
(i.e., Job Demands-Resources Theory or JDR, Bakker & 
Demerouti, 2014; Job Demands-Control or JDC, Karasek, 
1979; Job Demands-Control-Support or JDCS, Johnson & 
Hall, 2011). Negative, stressful work experiences (i.e., job 
demands) often incite ruminative thoughts about work (Haun 
& Oppenauer, 2019; Matick et al., 2021; Van Laethem et al., 
2015, 2018) and physiological activation (Härmä, 2006), 
which undermine good sleep. Conversely, positive work 
experiences (i.e., job resources) such as job control (see 
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Van Laethem et al., 2013) and social support (Matick et al., 
2021) can benefit sleep. These findings align with the strain 
hypothesis which asserts that low demands, high control, 
and high social support at work predict better well-being 
(Johnson & Hall, 2011; Karasek, 1979).

These foundational results provide a framework of work 
characteristics associated with employees’ sleep, primarily 
their sleep quantity (i.e., duration) or quality (i.e., subjective 
satisfaction with sleep) (see Crain et al., 2017; Henderson 
& Horan, 2021). Now, additional efforts are needed to bring 
the organizational sciences into alignment with current state-
of-the-art conceptualizations of sleep health. Sleep experts 
assert that sleep health is multidimensional, characterized 
not only by appropriate sleep quantity and high quality but 
also by other features such as daytime alertness, short sleep 
onset latency (i.e., time to fall asleep), and sleep schedule 
regularity (Buysse, 2014). Furthermore, emerging evidence 
from the sleep literature suggests that sleep dimensions co-
occur in differing patterns within people (Lee et al., 2019; 
Matricciani et al., 2020). For example, although some people 
may experience holistically optimal or holistically subopti-
mal sleep health across dimensions, others may experience 
nuanced mixes of optimal and suboptimal characteristics 
(e.g., low daytime alertness despite sufficient sleep dura-
tion; Wallace et al., 2019). Rigorous measurement of sleep 
health should consider multiple dimensions as they co-occur 
within people (“sleep health phenotypes”) to provide a com-
prehensive and detailed picture of employee sleep. Indeed, 
emerging research finds that sleep health phenotypes are 
indicative of a person’s overall well-being, predicting out-
comes like quality of life (Magee et al., 2017) and body 
mass index (Magee et al., 2016). Currently, however, little 
is known about how sleep health phenotypes manifest within 
working adults or how their work experiences associate with 
these phenotypes.

The present study combines traditional work character-
istics theories (JDC[S]) with an advanced model of sleep 
health (Buysse, 2014) to clarify the work features associated 
with employees’ within-person patterns of multidimensional 
sleep health. Our research makes two key contributions to 
the occupational health psychology literature. First, we aim 
to better describe sleep health in working adults. Using a 
person-centered approach across two large, independent 
samples, we identify common healthy and unhealthy sleep 
phenotypes in US working adults. We also provide valid-
ity support with regard to the healthiness of the identified 
sleep phenotypes by examining their associations with over-
all health status (i.e., self-evaluated health). These results 
can help determine commonly co-occurring sleep issues in 
working adults, which could inform interventions target-
ing key sleep dimensions, perhaps simultaneously. Second, 
we test whether work characteristics predict membership 
in the identified sleep phenotypes. Theoretically, this test 

assesses the ability of traditional work characteristic theories 
to explain sleep experiences, a complex but key aspect of 
employee health. Practically, our findings may point to the 
work characteristics most relevant to healthy and unhealthy 
sleep patterns, potentially informing healthy job design and 
employee sleep interventions.

Identifying Multidimensional Sleep Health 
Phenotypes in Working Adults

Sleep is a reversible physiological and behavioral state of 
unconsciousness and disengagement from the immediate 
physical environment (Carskadon & Dement, 2011; Chok-
roverty, 2017). Although the exact purpose of sleep is not 
known, its connection to employee well-being and perfor-
mance may be explained by its role in consolidating mem-
ory (Sejnowski & Destexhe, 2000) as well as physiological, 
cognitive, energetic, and psychological recovery (Eidelman, 
2002; Schmidt, 2014; Slater, 2008). As mentioned, current 
models conceptualize sleep health as a multidimensional 
phenomenon. Specifically, Buysse (2014) outlines six criti-
cal and unique dimensions that characterize healthy sleep in 
his “Ru-SATED” framework, based on their empirical asso-
ciations with long-term health outcomes. The Ru-SATED 
dimensions include: (1) Regularity (i.e., variability in sleep 
duration and/or timing), (2) Satisfaction (i.e., subjective 
sleep quality), (3) daytime Alertness (i.e., lack of sleepi-
ness and/or infrequent napping during the day), (4) Timing 
(i.e., sleep and wake times), (5) Efficiency (i.e., time to fall 
asleep, also known as sleep onset latency), and (6) Duration 
(i.e., sleep quantity per night). These dimensions have been 
popularized and validated in the sleep literature across a 
variety of methods and samples (Lee et al., 2022; Ravyts 
et al., 2019; Wallace et al., 2021), suggesting they are con-
sistent and powerful indicators of sleep health.

Within Buysse’s framework, healthy sleep is not defined 
by each of these dimensions in isolation but, rather, together 
as a “multidimensional pattern” (p. 12) reflecting healthy 
sleep across each dimension. Conversely, unhealthy sleep 
may vary in its manifestation, ranging from only one 
unhealthy dimension in the context of otherwise healthy 
sleep to entirely unhealthy sleep across all dimensions. This 
definition of sleep health as the co-occurrence of a variety of 
dimensions has spurred recommendations to apply person-
centered analyses (e.g., cluster, latent class, latent profile 
analyses; Matricciani et al., 2018). Whereas traditional var-
iable-centered strategies (e.g., regression, ANOVA) assume 
a given sample and population are relatively homogenous 
and can therefore be accurately described by “a single set 
of ‘averaged’ parameters”, person-centered strategies can 
detect unobserved subpopulations “characterized by differ-
ent sets of parameters” (p. 8, Morin et al., 2016). In this 
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way, person-centered analyses allow sleep researchers to 
detect subpopulations that differ in their multidimensional 
sleep health and thus to identify common configurations of 
the various sleep dimensions as they exist within people 
(Matricciani et al., 2018).

Researchers have recently begun to identify multidimen-
sional sleep phenotypes, particularly among children (Lee 
et al., 2019; Magee & Blunden, 2020; Magee et al., 2017; 
Matricciani et  al., 2020). Adults, whose benchmarks of 
healthy sleep differ significantly from children’s (Hirshkow-
itz et al., 2015; Ohayon et al., 2017), have also been sampled 
in several sleep phenotype studies. These initial studies on 
adults consistently reveal a prevalent good sleeper pheno-
type, for whom all or most sleep dimensions are optimal. 
The number of unhealthy sleep phenotypes identified, how-
ever, ranges from one (Yildirim & Boysan, 2017) to four (Lee 
et al., 2022; Magee et al., 2016; Yu et al., 2017). Although 
certain phenotypes are replicated across two studies (i.e., 
long sleep duration, Magee et al., 2016; Matricciani et al., 
2021; poor subjective sleep, Magee et al., 2016; Selvi et al., 
2018), many unique phenotypes idiosyncratic to one sample 
have also been identified. For instance, Wallace et al. (2019) 
found a phenotype exhibiting long duration and high daytime 
sleepiness in the context of otherwise satisfying sleep, Magee 
et al. (2016) found a minor sleep disturbances phenotype, and 
Yu et al. (2017) found a difficulty falling asleep phenotype, 
all of which were unique to those studies.

The lack of clarity in the existing literature’s descrip-
tion of various forms of adults’ unhealthy sleep may be a 
function of the varying populations sampled. By targeting 
specific populations—such as community-dwelling older 
adults (Wallace et al., 2019), patients with major depres-
sive disorder (Selvi et al., 2018), Australian parents of ado-
lescents (Matricciani et al., 2021), or Chinese college stu-
dents (Zhou et al., 2019)—researchers may be identifying 
unhealthy sleep phenotypes (i.e., co-occurring sleep issues) 
idiosyncratic to those groups, resulting in inconsistent find-
ings across studies. Seemingly, unhealthy sleep manifests 
differently across various adult populations. Working adults 
are a substantial population that suffer unique sleep chal-
lenges (e.g., short duration, heightened sleep disorder symp-
toms; Swanson et al., 2011). As such, information is needed 
about how healthy and unhealthy sleep manifests in this at-
risk group. Yet only one study, thus far, has examined sleep 
phenotypes in a working adult sample (Magee et al., 2016). 
This study revealed a healthy good sleeper profile as well 
as four unhealthy phenotypes (poor sleepers, frequent sleep 
disturbances, minor sleep disturbances, and long sleepers) 
and validated these phenotypes as predictors of physical fit-
ness outcomes (i.e., body mass index, waist circumference, 
and physical activity). Further information about multidi-
mensional sleep health phenotypes among working adults 
is needed for several reasons. First, the person-centered 

analyses used to identify the phenotypes are empirically 
derived; in this nascent research area, replication across 
worker samples is needed to determine whether findings 
are generalizable. Second, strong sleep health frameworks, 
such as Ru-SATED (Buysse, 2014), should be but are rarely 
applied in these efforts. We explore sleep health phenotypes 
in two nationally representative and independent samples of 
adult workers to add rigor and potentially increase generaliz-
ability to the foundational work in this area. We also assess 
five of the six critical sleep health dimensions outlined by 
Buysse (2014), excluding only timing which was not meas-
ured in the present dataset.

Research Question 1: What sleep health phenotypes 
emerge in working adults when considering five key 
dimensions (i.e., regularity, satisfaction, alertness, effi-
ciency, and duration)?

As part of this aim, we examine the validity of the sleep 
health phenotypes in predicting employee health, namely 
self-evaluation of physical health which can be considered 
“a simple but valid proxy measure for health status” (p. 419, 
Froom et al., 2004). Establishing validity is an important 
step in rigorously substantiating results of person-centered 
analyses (Morin et al., 2016; Spurk et al., 2020) and, here, 
may provide information about the relative healthiness of 
different within-person patterns of sleep health dimensions 
among working adults. Thus, to facilitate interpretability of 
the identified sleep health phenotypes, we explore what they 
indicate about a person’s perceived health status.

Exploring the Connection Between Work 
Characteristics and Sleep Health Phenotypes

Experiences at work are a meaningful determinant of 
sleep experiences (Litwiller et al., 2017). Indeed, previous 
research has reported the associations of job characteristics 
with individual sleep variables. Such research often supports 
the strain hypothesis within JDC(S): demands generally 
undermine healthy sleep (e.g., Litwiller et al., 2017) whereas 
control (de Lange et al., 2009; Litwiller et al., 2017) and 
support (Kent de Grey et al., 2018; Linton et al., 2015) gen-
erally benefit healthy sleep. Most of this research focuses on 
sleep quantity and quality, as mentioned, but there is some 
emerging support for this model with some of the remain-
ing Ru-SATED facets (Iwasaki et al., 2018; Radstaak et al., 
2015; Van Laethem et al., 2018).

Despite a considerable pattern of support for JDC(S) 
in these studies, other research reports unexpected results 
when linking work experiences to various sleep facets. For 
instance, JDC(S) suggests that job demands should under-
mine healthy daytime alertness in the form of more frequent 
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napping. Counter to this expectation, the limited research 
examining job demands and napping finds the inverse rela-
tion, such that lower demands relate to more frequent nap-
ping (Barthe et al., 2016; Karhula et al., 2013). This find-
ing is not conceptually surprising, as people with lower job 
demands may nap more frequently due to their greater logis-
tical availability and lower physiological activation, but it is 
not accurately described by the strain hypothesis. Further-
more, it is unknown whether frequent napping in this context 
represents poor sleep health, because other sleep dimensions 
have not been assessed. In another study, lower job control 
unexpectedly related to longer, rather than shorter, sleep 
duration (Takahashi et al., 2014). Further, studies that con-
nect job characteristics to multiple sleep facets report differ-
ential associations (Bernecker & Job, 2020; Hu et al., 2019; 
Litwiller et al., 2017), indicating that job characteristics do 
not uniformly impact sleep health. In total, previous studies 
linking JDC(S) and sleep are limited by lack of consideration 
of multiple dimensions of sleep health and, especially, their 
interactions within persons.

We use a person-centered strategy not only because it 
can detect unacknowledged subpopulations (e.g., people 
who differ in their multidimensional pattern of sleep health 
facets, per Research Question 1) but also because it can help 
explain unexpected findings—and uncover new informa-
tion—by capturing unique experiences of such subpopula-
tions via their differential associations with antecedents and 
outcomes (Gabriel et al., 2015). Based on significant but not 
entirely consistent support of JDC(S) when predicting indi-
vidual sleep health outcomes in existing variable-centered 
research, we expect some general propositions of JDC(S) to 
carry over to our more nuanced, person-centered approach 
but also explore new insights into the work-sleep link when 
multidimensional sleep health phenotypes are considered.

We expect the strain hypothesis to generally explain the 
prediction of the most optimal sleep health phenotype (i.e., 
with optimal standing on all dimensions) and relatively sub-
optimal sleep phenotypes (i.e., with suboptimal standing on 
one or more dimensions) by job characteristics. Of note, we 
focus on direct associations of individual job characteristics 
rather than interactive associations among multiple job char-
acteristics due to limited support for buffering effects (i.e., 
interaction between job demands with control and social 
support) relative to direct effects in previous research (Alar-
con, 2011; Gonzalez-Mulé et al., 2021; Häusser et al., 2010; 
Litwiller et al., 2017). We predict that job characteristics 
associated with low strain (i.e., lower job demands, higher 
control, and higher support) will be more likely for those in 
the most optimal sleep phenotype, or good sleepers. Com-
pared to this group, those in suboptimal sleep health pheno-
types may be more likely to have job characteristics asso-
ciated with greater strain (i.e., higher job demands, lower 
control, and lower support). Though these expectations are 

consistent with JDC(S) propositions, our findings may deter-
mine the specific positive and negative job characteristics 
associated with newly identified within-person patterns of 
sleep health dimensions in working adults.

Hypothesis 1.  Higher job demands will be associated with a 
higher likelihood of membership in a suboptimal sleep phe-
notype compared to the most optimal sleep health phenotype 
(or good sleepers).

Hypothesis 2.  Lower job control will be associated with a 
higher likelihood of membership in a suboptimal sleep phe-
notype compared to the most optimal sleep health phenotype 
(or good sleepers).

Hypothesis 3.  Lower social support will be associated with 
a higher likelihood of membership in a suboptimal sleep 
phenotype compared to the most optimal sleep health phe-
notype (or good sleepers).

Method

Participants and Procedure

We used data from the Midlife in the United States study 
(MIDUS), which collected national samples to better under-
stand health across adulthood. The large size and nationally 
representative nature of MIDUS samples make this data 
well suited for latent class analyses, which can suffer from 
lack of generalizability if samples are small (e.g., < 500; 
Spurk et al., 2020) or idiosyncratic (Morin et al., 2018). 
The study team has published on sleep health using MIDUS 
data before, so we report data transparency information in 
Appendix A. We conducted parallel analyses across two 
independent MIDUS samples (i.e., subsets of MIDUS II 
and MIDUS Refresher samples) to further increase the 
rigor of our person-centered analyses. To be included in the 
present analytic samples, participants had to complete the 
self-administered questionnaire (SAQ) and indicate that they 
were working for pay, for at least 30 h per week, at the time 
of the survey.

Sample 1

Sample 1 drew from the MIDUS II (M2) dataset, which 
includes data from (a) the MIDUS II core study, conducted 
from 2004 to 2009 as a follow-up to the original MIDUS I 
survey, and (b) the MIDUS II Milwaukee study, conducted 
from 2004 to 2006 to add racial diversity to the core sam-
ple by targeting Black participants. Of the 5555 people 
(NCore = 4963; NMilwaukee = 592) who completed the MIDUS 
II survey, 2943 were working adults. After removing 
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participants who did not complete the SAQ or, if they did, 
did not provide complete data for all relevant sleep items 
required for our sleep phenotype analysis (i.e., latent class 
analysis), the final analytic Sample 1 included 2353 workers.

Sample 2

Sample 2 drew from the MIDUS Refresher (MR) dataset, 
which includes data from (a) the MIDUS Refresher core 
study, conducted from 2011 to 2014 to recruit new partici-
pants for the MIDUS study, and (b) the MIDUS Refresher 
Milwaukee study, conducted from 2012 to 2013 to add racial 
diversity to the core refresher sample by targeting Black par-
ticipants. Of the 4085 people (NCore = 3577; NMilwaukee = 508) 
who completed the MIDUS Refresher survey, 1832 were 
working adults. After exclusion of those who did not com-
plete the SAQ or all relevant sleep items, the final analytic 
Sample 2 included 1260 workers.

The two analytic samples (i.e., workers only) were gener-
ally similar in their sociodemographic characteristics. Sam-
ple 1 was 50 years old on average (SD = 8.96), and Sample 
2 was 45 years old on average (SD = 11.83). Both samples 
exhibited fairly even gender distribution (Sample 1 = 54% 
male, Sample 2 = 57% male). Both samples were also mostly 
non-Hispanic white (80% in both). Most participants were 
married and/or cohabitating with a romantic partner in both 

samples (approximately 73% in both samples). Sample 1 
had more children on average (M = 2.63, SD = 1.49) than 
did Sample 2 (M = 1.88, SD = 1.46). Mean education levels 
were comparable in both samples (Sample 1 = 7.54/12.00, 
Sample 2 = 8.23/12.00), corresponding to some college but 
no degree or an Associate’s degree on average. Furthermore, 
work hours were comparable across Sample 1 (M = 45.36, 
SD = 8.45) and Sample 2 (M = 44.15, SD = 9.94).

Measures

All data was collected via a self-report survey. More detailed 
information about the development and validation of scales 
used in the MIDUS studies can be found on their website 
(https://​midus.​wisc.​edu/).

Sleep Health Dimensions

Five of Buysse’s six RuSATED dimensions of sleep health 
were assessed in MIDUS and thus included as indicators 
of sleep health in the present analyses: RegUlarity, Satis-
faction, daytime Alertness, Efficiency, and Duration. We 
use categorical rather than continuous sleep health vari-
ables based on evidence that (a) sleep dimensions are often 
highly skewed even in healthy and homogenous samples and 
(b) that non-elliptical clustering methods (e.g., latent class 

Table 1   Ru-SA(T)ED sleep dimension measurement and categorization

Note. The sixth Ru-SATED dimension, timing, was not measured in MIDUS core survey. Optimal categories, as defined by the sleep literature, 
are indicated by *

Dimension Variable Assessment Cut point

R(U)egularity Consistency of sleep duration Difference between workday sleep duration 
and non-workday sleep duration

Irregular: absolute value > 60 min (Lee et al., 
2022);

*Regular: absolute value ≤ 60 min
Satisfaction Please indicate how often you experience each 

of the following:
Dissatisfied: often or almost always (on at least 

1 of the 4 items)
*Satisfied: never, rarely, or sometimes (on all 

4 items)
(see Chen et al., 2017; Ohayon et al., 2017)

Trouble falling asleep Have trouble falling asleep
Nocturnal awakenings Wake up during the night and have difficulty 

going back to sleep
Early awakenings Wake up too early in the morning and be 

unable to get back to sleep
Unrested upon waking Feel unrested during the day, no matter how 

many hours of sleep you had
Alertness Nap frequency During a usual week, how many times do you 

nap for 5 min or more?
*No naps: 0
Occasional naps: 1–3
Frequent naps: ≤ 4
(see Ohayon et al., 2017)

Efficiency Sleep latency How long does it usually take you to fall asleep 
at bedtime?

*Efficient: ≤ 30 min
Inefficient: > 30 min
(Ohayon et al., 2017)

Duration Workday sleep duration How much sleep do you usually get at night (or 
in your main sleep period) on workdays or 
workdays?

Short duration: < 7
*Optimal duration: ≥ 7 & ≤ 9 (Hirschkowitz 

et al., 2015)
Long duration: > 9

https://midus.wisc.edu/
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analysis using categorical indicators) provide more accurate 
results than elliptical methods (e.g., latent profile analysis 
using continuous indicators) when skewness is present (Wal-
lace et al., 2018a, b). The sleep literature provides empiri-
cally supported recommendations for optimal scores for 
adults across these various dimensions as described in detail 
below, which we use to determine a priori cutoff scores to 
distinguish optimal and relatively suboptimal sleep across 
each sleep health dimension. Table 1 summarizes the items 
and cut-off values used.

Regularity can be operationalized as consistency in 
sleep and wake timing and, thus, sleep duration across the 
week (Kwon et al., 2019). We calculated regularity using 
the absolute value of the difference between sleep duration 
on workdays and non-workdays, such that a higher value 
indicates more extensive irregularity in sleep duration across 
the week. Regularity was dichotomized into regular/opti-
mal sleep schedule (|difference| ≤ 60 min) or irregular sleep 
schedule (|difference| > 60 min; see Lee et al., 2022).

Satisfaction describes one’s subjective sleep experi-
ence (e.g., how “good” or “poor” it was; Buysse, 2014). 
In MIDUS, sleep satisfaction was assessed via four items 
capturing frequency of poor subjective sleep experiences 
(e.g., waking up too early, waking up in the night; see Chen 
et al., 2017). For all four items, the five-point response scale 
ranged from 1 to 5 (i.e., 1 = never, 2 = rarely, 3 = sometimes, 
4 = often, 5 = almost always). Mild sleep issues are admis-
sible within the range of healthy sleep quality (Ohayon et al., 
2017). Thus, satisfaction was dichotomized into satisfied/
optimal (i.e., never, rarely, or sometimes on all four items, 
indicating infrequent subjective sleep issues) or dissatisfied 
(i.e., often or almost always on at least one of the four items, 
indicating one or more frequent subjective sleep issues).

Daytime Alertness is defined as attentive wakefulness 
(Buysse, 2014) and operationalized in a variety of ways 
including low daytime sleepiness ratings and/or infrequent 

napping. In MIDUS, lack of daytime alertness was 
assessed via one item asking participants to report how 
frequently they nap for 5 min or longer in a typical week. 
Napping is likely to increase as nocturnal sleep is insuf-
ficient and homeostatic sleep pressure increases (Cousins 
et al., 2021; Dijk et al., 1987). Although the scholarly 
literature on the healthiness of naps is inconsistent, a high 
frequency of naps is considered unhealthy for most adults 
according to the National Sleep Foundation (Ohayon et al., 
2017). Three categories were thus created to describe nap 
frequency: no naps/optimal (i.e., 0), occasional naps (i.e., 
1–3/week, indicating naps on some days), and frequent 
naps (i.e., 4 or more naps/week, indicating naps on most 
days).

Efficiency is defined as ease of falling and returning to 
sleep (Buysse, 2014) and can therefore be operationalized 
as sleep onset latency. Sleep onset latency was assessed 
via one item asking participants how long in hours and 
minutes it takes them to fall asleep at bedtime. Efficiency 
was dichotomized into efficient/optimal sleep (sleep onset 
latency ≤ 30 min) and inefficient sleep (i.e., sleep onset 
latency > 30 min; see Ohayon et al., 2017).

Duration was assessed via one item asking participants 
to report the number of hours and minutes of sleep they 
get during their main sleep period on a typical workday. 
Three categories were used to describe sleep duration: 
short (i.e., < 7 h), optimal (i.e., between 7 and 9 h), and 
long duration (i.e., > 9 h; see Hirshkowitz et al., 2015).

Self‑Rated Health Status

Participants responded to one item, “In general, would 
you say your physical health is…?” Responses were coded 
from 1 (poor) to 5 (excellent). As this is a one-item meas-
ure that may be prone to self-report bias when assessing its 

Table 2   Descriptive statistics and correlations

M
(M2/MR)

SD
(M2/MR) 1 2 3 4 5 6 7 8

1. Job demands 13.71/15.50 5.21/3.15 . 45 −.20 .01 .06 .15 .06 −.10
2. Job control 14.80/16.40 5.61/13.09 .20 . 27 −.08 −.05 .17 −.12 .16
3. Workplace social support 8.93/8.39 3.90/1.96 −.19 .22 −.01 .01 −.01 .09 −.01

4. Sleep irregularity (hr.) 1.01/1.01 2.85/1.07 .05 −.10 −.02 .04 .06 .12 −.28
5. Sleep dissatisfaction 2.46/2.48 0.84/0.83 .14 −.10 −.12 .01 .08 .44 −.28
6. Nap frequency/week 3.32/1.42 5.26/2.29 −.05 −.13 −.02 .04 .05 .01 −.09
7. Sleep inefficiency (min.) 0.72/0.42 5.35/0.44 .01 −.07 −.07 .06 .47 .01 −.22
8. Sleep duration (hr.) 6.69/6.83 3.40/1.06 −.08 .06 .07 −.31 −.24 −.17 -.18

Note. Bold values are significant at p < .05. Values below the diagonal represent correlations for the M2 sample. Values above the diagonal repre-
sent correlations for the MR sample
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relation to the sleep phenotypes, we controlled for nega-
tive affect as recommended by previous research (Reio, 
2010). Five items (e.g., “irritable”, “upset”) from the 
Positive and Negative Affect Schedule (PANAS; Watson 
et al., 1988) were included in MIDUS. Participants indi-
cated how frequently (1 = none of the time to 5 = all of the 
time) they experienced each negative emotion, on average, 
over the past 30 days. We used the mean of the five items 
(αM2 = 0.80; αMR = 0.78).

Job Characteristics

Job Demands (αM2 = 77; αMR = 0.73)  Job demands was 
assessed by the sum of five items that concerned cognitive 
demands, work overload, role conflict, time inadequacy, 
interruptions, and work intensity on a five-point frequency 
scale (1 = never to 5 = all of the time).

Job Control (αM2 = 0.74; αMR = 0.76)  Nine items were used to 
measure job control by taking the sum of items across two 
dimensions, skill discretion, which was assessed via three 
items (e.g., “How often does your work demand a high 
level of skill or expertise) and decision authority, which 
was assessed via six items (e.g., “How often do you have 
a choice in deciding how you do your tasks at work?). A 
five-point frequency scale was used for all items (1 = never 
to 5 = all of the time).

Social Support (αM2 = 72; αMR = 0.72)  A total social sup-
port score was calculated by taking the sum of five items 
across two sources of support, coworker and supervi-
sor. Two items focused on coworker support (e.g., “How 
often do you get support from your coworkers?”) and 
three focused on supervisor support (e.g., “How often do 
you get the information you need from your supervisor or 
superiors?”). A five-point frequency scale was used for all 
items (1 = never to 5 = all of the time).

Results

Analytic Approach

First, both datasets were screened for unlikely or nonsensi-
cal responses, which were found in two skewed variables, 
sleep efficiency and duration. Specifically, participants who 
reported efficiency (i.e., sleep onset latency or time to fall 
asleep) greater than 15 h (top 1% of responses), or greater 
than or equal to their time spent sleeping were excluded 
(3 participants in M2; 5 participants in MR). Furthermore, 
participants reporting 1 h or less (bottom 1% of responses) 
of sleep on average were excluded (2 participants in M2; 2 
participants in MR). Descriptive statistics and correlations 
for both samples are reported in Table 2.

Next, we conducted latent class analysis (LCA) in MPlus 
to extract the appropriate number of sleep phenotypes in 
each sample based on a holistic evaluation of the poten-
tial solutions’ model fit statistics and their interpretability 
within sleep theory. The five categorical sleep dimensions 
were used as latent class indicators. The identified classes 
were named based on their defining sleep health character-
istics (i.e., the sleep health categories to which most par-
ticipants within a certain class belong). We also considered 
the similarities versus differences between the latent classes 
identified across the two samples across three key criteria 
(see Eid et al., 2003; Morin et al., 2016): (1) configural (i.e., 
number of classes), (2) structural (i.e., response probabilities 
for each class indicator), and (3) distributional (i.e., relative 
size of classes) similarity. It is important to note, as Morin 
et al. (2016) explain “differences [in latent classes across 
samples] do not represent an inherent limitation in the data” 
but, instead, that “both similarity and differences provide 
important, albeit different, directions for subsequent inves-
tigation” (p. 235). Similarities provide evidence of general-
izability across groups whereas differences provide equally 

Table 3   Model fit statistics for the latent class solutions

Sample
# of 

classes
Free 

parameters AIC BIC
SSA-
BIC Entropy BLRT (p)

Sample 1 

(M2)

1 7 14290.89 14331.23 14308.99

2 15 13899.64 13986.09 13938.43 .56 −7138.45 (< .001) 

3 23 13851.96 13984.52 13911.44 .56 −6934.82 (< .001) 
4 31 13849.23 14027.90 13929.31 .62 −6902.98 (.10)

Sample 2 

(MR)

1 7 8846.60 8882.57 8860.34

2 15 8655.17 8732.25 8684.61 .55 −4416.30 (< .001)

3 23 8605.13 8722.33 8649.27 .83 −4312.59 (< .001) 
4 31 8603.65 8762.96 8664.49 .75 −4279.07 (.33)

Note. Bold text indicates best fitting solution according to each model fit statistic. The holistically best-fitting solution across the various statis-
tics highlighted in gray
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important evidence of limitations to generalizability, or fac-
tors that may differ across groups or samples.

General Linear Modeling (GLM) in SPSS was then used 
to examine the associations between membership to the 
sleep health classes and health status (i.e., self-evaluated 
physical health), adjusting for negative affect. Finally, we 
used the R3STEP function in MPlus to determine the asso-
ciation between job characteristics and the identified sleep 
phenotypes. The R3STEP function runs multinomial logistic 
regressions between potential antecedents and relative prob-
ability of belonging to a certain latent class.

Identifying Latent Classes of Sleep Health

In answer to RQ1 regarding the number and nature of 
sleep health phenotypes detected among working adults, 
three latent classes of sleep health were identified con-
sistently across the M2 and MR samples based on holis-
tic evaluation of model fit (see Table 3 for summary of 
model fit statistics). Most importantly, the bootstrap like-
lihood ratio test (BLRT) reached a point of non-signifi-
cance at the four-class solution in both samples, favoring 
the three-class solution (Nylund et al., 2007; Tein et al., 
2013). Similarly, the SSA-BIC and BIC (in both sam-
ples) and AIC (in MR) both reach minimum values at the 
three-class solution, also indicating its good fit. Entropy 
was good (Clark & Muthén, 2009) for the three-profile 
solution in MR. Notably, though, despite its otherwise 
good fit, the three-class solution exhibited an entropy 
just below the “acceptable” range in M2 (i.e., 0.60 to 
0.80 is considered acceptable and 0.80 + is considered 
good; Muthén & Muthén, 2007; Jung & Wickrama, 2008; 
Muthén, 2004), suggesting some degree of uncertainty 
in sorting participants into the three classes (Thompson 
et al., 2011). That said, entropy is not recommended for 
class selection (Lubke & Muthén, 2007; Masyn, 2013; 
Tein et al., 2013) and the average posterior probabilities 

of the three classes (i.e., probability of the model accu-
rately predicting class memberships) were acceptable at 
0.76 and 0.98 in M2 and MR, respectively, supporting the 
three-class solution.

Characterizing the Three Sleep Health Classes Across 
the Two Samples

The proportion of participants in each sleep class belong-
ing to each sleep health category (e.g., satisfied versus 
dissatisfied; short versus appropriate versus long sleep 
duration) is reported in Table 4. Three similar classes 
were indeed identified across the two samples, (1) good 
sleepers, (2) short, dissatisfied, inefficient, and irregular 
sleepers, and (3) catch-up sleepers (see Fig. 1). Class 
1 was the most prevalent in both samples (40% in M2; 
53% in MR), but an independent-samples proportions 
test revealed that the relative prevalence of class 1 in 
the samples significantly differed (z =  − 7.08, SE = 0.02, 
p < 0.001) The class was characterized by low probability 
of belonging to any suboptimal sleep health category 
across the five dimensions. Thus, class 1 was named 
good sleepers. Across both samples, class 2 made up 
less than one-third of the total sample (27% in M2; 27% 
in MR), with no significant difference in relative preva-
lence across the samples (z = 0.14, SE = 0.02, p = 0.45). 
Class 2 was characterized by a high proportion of people 
belonging to four suboptimal sleep categories: dissatis-
fied sleep, short sleep duration, inefficient sleep (i.e., 
long sleep onset latency), and high irregularity; how-
ever, frequent napping was not particularly common 
(i.e., < 50% of the class belonging to this category) in 
either sample. This class was therefore named short, dis-
satisfied, inefficient, and irregular sleepers, representing 
the most suboptimal sleep phenotype. Finally, class 3 
(32% in M2; 20% in MR) was significantly more preva-
lent in M2 than in MR (z = 7.68, SE = 0.02, p < 0.001). 

Table 4   Characteristics of the three latent sleep health classes

Irregularity Dissatisfaction Lack of Alertness Inefficiency Suboptimal Duration

Sample Class % Regular Irregular Satisfied Dissatisfied Never 
naps

Occasional 
naps

Frequent 
naps

Approp.
SOL

Long
SOL Short Appropriate Long

1 (M2)

Good 40.42% 0.72 0.28 0.83 0.17 0.09 0.62 0.29 0.97 0.04 0.23 0.73 0.05

SDII 27.20% 0.45 0.55 0.11 0.89 0.16 0.42 0.41 0.54 0.46 0.67 0.3 0.02

CU 32.38% 0 1 0.86 0.15 0.05 0.62 0.33 0.92 0.09 0.50 0.50 0

Sig. 

diff.
CU>SDII>Good SDII>Good + CU SDII>CU>Good SDII>CU>Good SDII>CU>Good

2 (MR)

Good 53.70% 0.54 0.46 0.84 0.16 0.60 0.30 0.10 0.94 0.06 0 0.96 0.04

SDII 26.98% 0.43 0.57 0 1 0.51 0.32 0.17 0.59 0.41 0.66 0.32 0.02

CU 20.32% 0.26 0.74 0.88 0.12 0.55 0.26 0.19 0.92 0.09 1 0 0

Sig. 

diff.:
CU>SDII>Good SDII>CU>Good SDII + CU>Good SDII>CU+Good CU>SDII>Good

Note. Values indicate proportion of participants in each class that belong to each sleep health category. SDII, short, dissatisfied, inefficient, 
irregular sleeper; CU, catch-up sleeper; SOL, sleep onset latency; Approp., appropriate; Sig. diff., significant differences (p <.05), determined by 
mean comparisons tests examining differences in suboptimal sleep health categories across the samples
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Class 3 characterized by a high proportion of irregular 
sleep and short workday sleep duration in both samples. 
Further inspection of participants belonging to class 3 
indicated that all class members’ irregularity was a func-
tion of short workday sleep duration coupled with com-
paratively longer non-workday sleep duration. Thus, this 
class was labeled catch-up sleepers.

In terms of generalizability, we found strong configu-
ral generalizability evidence, as three classes were con-
sistently identified across both samples. Furthermore, 
independent-samples mean difference tests between the 
three sleep health phenotypes (see Table 4) revealed 
strong structural generalizability (i.e., characteristics 
of the classes) across the samples. For both samples, 
good sleepers were characterized by the lowest levels 
of suboptimal sleep health across all dimensions; short, 
dissatisfied, inefficient, and irregular sleepers were 
characterized by significantly worse sleep health than 
good sleepers across all dimensions in both samples; 
catch-up sleepers were characterized by the highest 
irregularity (i.e., short workday and long non-workday 
sleep) in both samples. However, we only found partial 
evidence for distributional generalizability (i.e., relative 
proportion of participants belonging to each class)—
only for short, dissatisfied, inefficient, and irregular 
sleepers (about one quarter of each sample) but not for 
good sleepers (more prevalent in MIDUS Refresher) 
or catch-up sleepers (more prevalent in MIDUS II). In 
total, three largely generalizable sleep health classes 
were identified in two independent samples, though the 

proportion of participants belonging to each class dif-
fered depending on the sample.

Sociodemographic Characteristics

To further characterize the identified sleep health phe-
notypes, we compared the sociodemographic character-
istics of their members using one-way ANOVAs (see 
Table 5). In both samples, good sleepers (MM2 = 51, 
MMR = 47) were slightly older than SDIIs (MM2 = 49, 
MMR = 45). Of the three phenotypes, women were most 
prevalent in the SDII phenotype across both samples 
(M2:57%, MR:50%) whereas all other phenotypes 
were made up of ≤ 45% women. Across both samples, 
racial and/or ethnic minorities made up a greater pro-
portion of SDIIs (M2:27%, MR:22%) than good sleep-
ers (M2:16%, MR:16%). Good sleepers exhibited the 
highest proportion of partnered (i.e., married and/or 
cohabitating) people across both samples (M2: 75%, 
MR:78%). No significant differences in number of chil-
dren were found in the MIDUS II sample, but catch-up 
sleepers had the most children on average (M = 2.07) 
compared to both good (M = 1.79) and SDII sleep-
ers (M = 1.86) in MIDUS Refresher. Good sleepers 
were also more educated, on average (MM2 = 7.81, 
MMR = 8.64) than SDIIs (MM2 = 7.32, MMR = 8.08) in 
both samples. Overall, good sleepers may be older, 
partnered, and more educated; SDIIs may be more 
likely to be women or racial/ethnic minorities; catch-
up sleepers may have more children.
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Fig. 1   Three sleep health classes across the two samples. Note. 
Graphs depict the proportion of latent class members with suboptimal 
sleep health on a given dimension (e.g., irregular sleep as opposed 
to regular sleep; short duration as opposed to optimal duration). 
Values near the center of the graph (0)  indicate a low proportion of 
that latent class exhibits suboptimal sleep on that dimension; values 

near the outer edge of the graph (1) indicate most of that latent class 
exhibits suboptimal sleep on that dimension. Classes can be char-
acterized by which sleep health dimensions they exhibit relatively 
extreme values (i.e., higher or lower than other classes) given that 
these are nationally representative samples
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Validity Support for the Sleep Health Classes Across 
the Two Samples

Sleep health class membership was significantly asso-
ciated with self-evaluated physical health in M2, F(2, 
2059) = 17.82, p < 0.001, and in MR, F(2, 1253) = 7.14, 
p < 0.001. Across both samples, post hoc comparisons indi-
cated that good sleepers (MM2 = 2.83, MMR = 2.89) reported 
significantly higher perceptions of their physical health than 
did short, dissatisfied, inefficient, and irregular sleepers 
(SDIIs; MM2 = 2.57, MMR = 2.53). Catch-up sleepers’ mean 
self-evaluated physical health (MM2 = 2.84, MMR = 2.80) did 
not significantly differ from that of good sleepers in either 
sample; catch-up sleepers did, however, report significantly 
higher self-evaluated physical health than did SDIIs in M2 
but only marginally so in MR (p = 0.10). In total, as would 
be expected, good sleepers and catch-up sleepers perceived 
their physical health to be better than did SDIIs. This finding 
suggested that the identified sleep phenotypes were distin-
guished in their relative (perceived) healthiness.

Job Characteristics as Predictors of Sleep Health 
Classes

The association of job demands, control, and support with 
sleep health class membership is reported in detail below 
(also see Table 6) and summarized in Fig. 2.

H1 expected higher job demands would be associated with 
a higher likelihood of membership in a suboptimal sleep phe-
notype compared to good sleepers. Across the two samples, 
the greatest job demands were reported by the most sub-
optimal phenotype (i.e., SDII), relative to the most optimal 
phenotype (i.e., good sleepers) as expected (M2: B = 0.11, 
SE = 0.02, p < 0.001; MR: B = 0.08, SE = 0.02, p < 0.001). In 
the MIDUS II sample only, there was also a significant differ-
ence between catch-up sleepers and good sleepers such that 
catch-up sleepers reported higher job demands (B =  − 0.07, 
SE = 0.02, p < 0.001). Altogether, H1 was largely supported in 
that job demands were higher among suboptimal phenotypes 
(i.e., SDIIs in both samples and catch-up sleepers in M2) than 
the most optimal phenotype (i.e., good sleepers).

Table 5   Comparison of sociodemographic characteristics of the sleep health phenotypes across the two samples

Note. G, good sleepers; S, SDIIs; C, catch-up sleepers. Effects indicate whether there are generally significant differences (p <.05)  between the 
sleep health phenotypes on the sociodemographic variable of interest based on one-way ANOVA tests; comparisons indicate which phenotypes 
significantly differ from one another on that variable based on post hoc tests

Sociodemographic variable M2 MR

F p Effect size Comparisons F p Effect size Comparisons

Age 16.34  < .001 0.01 G > S,C 2.06 0.13 0.003 G > S
Gender (0 = W, 1 = M) 12.91  < .001 0.01 G > C > S 10.97  < .001 0.017 C > G,S
Race (0 = White, 1 = Non-White and/or LatinX) 12.94  < .001 0.01 S > C > G 3.31 0.04 0.005 S > G
Partnered status (0 = unpartnered, 1 = married 

and/or cohabitating)
4.12 0.02 0.003 G,C > S 8.83  < .001 0.014 G > C,S

Number of children 0.18 0.84  < .001 N/A 3.39 0.03 0.005 C > G
Education 6.27 0.002 0.006 G,C > S 6.32 0.002 0.01 G > S

Table 6   R3STEP results for job 
characteristics predicting sleep 
health phenotypes

Note. Columns indicate focal sleep health phenotype, followed by reference phenotype group in parenthe-
ses. Separate R3STEP analyses run for the relation between each job characteristic type. Positive B coef-
ficients indicate that higher values of the job characteristic relate to greater probability of belonging to the 
focal class than the reference; negative coefficients indicate lower values of the job characteristic relate to 
greater probability of belonging to the focal class than the reference.  G, good sleepers; S, SDIIs; C, catch-
up sleepers. Summary column indicates significant (p <.05) differences

Sample Job characteristic SDII (Good) Catch-up (Good) Catch-up (SDII) Summary

B SE p B SE p B SE p

M2 Demands 0.11 0.02  < .001 0.04 0.02 0.04  − 0.07 0.02  < .001 S > C > G
Control  − 0.03 0.01 0.02 0.01 0.01 0.25 0.03 0.01 0.02 G,C > S
Social support  − 0.09 0.03 0.005  − 0.07 0.03 0.03 0.09 0.03 0.005 G > C > S

MR Demands 0.08 0.02  < .001 0.05 0.02 0.04  − 0.03 0.03 0.24 S,C > G
Control  − 0.06 0.03 0.01  − 0.05 0.02 0.06 0.01 0.03 0.04 G,C > S
Social support  − 0.15 0.04  < .001 0.002 0.04 0.96 0.15 0.05 0.0007 G,C > S
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H2 expected lower job control would be associated with a 
higher likelihood of membership in suboptimal sleep pheno-
types compared to good sleepers. Across both samples, job 
control was lower among SDIIs than both good sleepers (M2: 
B =  − 0.03, SE = 0.01, p = 0.02; MR: B =  − 0.06, SE = 0.03, 
p = 0.01) and catch-up sleepers (M2: B =  − 0.03, SE = 0.01, 
p = 0.02; MR B =  − 0.01, SE = 0.03, p = 0.04). Job control 
did not significantly differ across good sleepers and catch-
up sleepers in either sample. In total, H2 was supported such 
that good sleepers and catch-up sleepers reported higher job 
control than did SDIIs across both samples.

Finally, H3 expected lower social support to be associated 
with higher likelihood of membership in suboptimal sleep 
health phenotypes compared to the optimal sleep health phe-
notype. As expected, social support was lower among SDIIs 
compared to both good sleepers (M2: B =  − 0.09, SE = 0.03, 
p = 0.005; MR: B =  − 0.15, SE = 0.04, p < 0.001) and catch-up 
sleepers (M2: B =  − 0.09, SE = 0.03, p = 0.005; MR: B = 0.15, 
SE = 0.05, p = 0.0007). In the MIDUS II sample only, social 
support was lower among catch-up sleepers than good sleep-
ers (B =  − 0.07, SE = 0.03, p = 0.03). H3 was largely supported 
in that social support was lowest among SDIIs and highest 
among good sleepers (and sometimes catch-up sleepers).

Discussion

Sleep health promotion is pivotal for employee well-being 
and productivity, and it requires both thorough understand-
ing of employees’ sleep health and of organizational drivers. 

The present study (1) provides a description of working 
adults’ sleep health across five key dimensions (i.e., regular-
ity, satisfaction, daytime alertness, efficiency, and duration) 
and (2) identifies work characteristics (i.e., job demands, 
resources, and support) that relate to common sleep health 
phenotypes. Three sleep health phenotypes were consistently 
identified across two national samples of working adults: (a) 
good sleepers, (b) short, dissatisfied, inefficient, and irregu-
lar sleepers (SDIIs), and (c) catch-up sleepers (CUs). SDIIs 
exhibited an especially unhealthy pattern of sleep character-
istics and reported lower perceived physical health. Women 
and racial/ethnic minority members seem to be at increased 
risk of belonging to this suboptimal sleep health phenotype. 
Furthermore, the sleep health phenotypes were distinguished 
by their unique experiences at work. Namely, good sleepers 
reported relatively low job demands and high control (in 
line with a low-strain job), SDIIs report relatively high job 
demands and low control (in line with a high-strain job), and 
CUs report relatively high job control.

Theoretical Contributions

Describing Sleep Health Experiences of Working Adults

First, our findings offer detailed information about work-
ing adults’ sleep experiences, newly applying a state-
of-the-art sleep health framework (Buysse, 2014) to the 
occupational health psychology literature. Encouragingly, 
good sleepers were the most prevalent phenotype identi-
fied across both national samples (40% of MIDUS 2 and 
54% of MIDUS Refresher). This group was characterized 
by optimal standing on all five of the sleep health dimen-
sions (i.e., regularity, satisfaction, alertness/nap frequency, 
efficiency/sleep onset latency, and duration/quantity). 
Although good sleepers were relatively common in the 
present samples, their prevalence also indicates that exist-
ing sleep health statistics that focus on only one dimen-
sion may exaggerate the prevalence of holistically healthy 
sleep that better aligns with multidimensional expert con-
ceptualizations (Buysse, 2014). Our results across two 
national samples specify that good sleep—indicated by 
co-occurring sufficient quantity and quality, as well as 
other key dimensions—may occur in half or less of work-
ing adults, compared to higher unidimensional estimates 
that 62% of US adults achieve appropriate sleep duration 
(i.e., 7-9 hours; Liu et al., 2014) and 70% report absence 
of subjective sleep quality issues (i.e., insomnia symp-
toms; Roth, 2007).

The remaining half of each sample belonged to one of 
two suboptimal sleep health phenotypes. Whereas a good 
sleeper phenotype has been consistently identified in past 
research (e.g., Magee et al., 2016; Wallace et al., 2019), 
the two suboptimal sleep health phenotypes extracted here 
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Fig. 2   Summary of job characteristics associated with each multi-
dimensional sleep health phenotype. Note. SDII, short, dissatisfied, 
inefficient, and irregular sleeper; CU, catch-up sleeper. Job character-
istics were modeled as independent predictors (i.e., demands, control, 
and support of sleep health phenotypes
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were novel to the present study. The replication of these 
phenotypes across two large, nationally representative sam-
ples bolsters confidence in their description of two common 
manifestations of suboptimal sleep health among working 
adults. SDIIs made up approximately one-fourth (27%) of 
both samples and exhibited short sleep duration, high sub-
jective dissatisfaction, inefficient sleep (i.e., long time to 
fall asleep), and irregular sleep duration across workdays 
and non-workdays; however, they did not report particularly 
high nap frequency. As such, although various nighttime 
sleep issues co-occur in this group, this pattern of otherwise 
unhealthy sleep does not co-occur with daytime sleep health 
issues (i.e., napping). Past research examining the connec-
tion between nighttime sleep and daytime napping provides 
ambiguous results, with some studies suggesting no rela-
tion (Pilcher et al., 2001) and others suggesting napping is 
associated with some poor nighttime sleep characteristics 
(e.g., short duration; Owens et al., 2010). The present study 
does not conclusively resolve this debate but does align with 
findings that daytime and nighttime sleep issues may not be 
consistently linked within people. That said, frequent day-
time napping may be limited by most work schedules and 
work environments (see National Sleep Foundation, 2008; 
see also the relatively low average weekly nap frequency in 
the present samples: MM2 = 3, MMR = 1), perhaps explaining 
why it does not tend to “hang” with co-occurring nighttime 
sleep issues in our worker samples.

The second suboptimal sleep health phenotype, CUs 
(32% in MIDUS 2; 20% in MIDUS Refresher), experienced 
a suboptimal, high level of sleep schedule irregularity (i.e., 
short workday sleep coupled with longer non-workday sleep) 
but otherwise good sleep in terms of satisfaction, daytime 
naps, and efficiency. Interestingly, CUs’ self-reported physi-
cal health was comparable to that of good sleepers (who 
reported no sleep issues) and significantly better than SDIIs’ 
(who similarly report irregular sleep but also three other co-
occurring sleep issues). Previous research reports that only a 
subset of people who engage in non-workday catch-up sleep 
effectively balance their sleep debt in doing so (Leger et al., 
2020). Our examination of co-occurring sleep issues provides 
a plausible explanation: non-workday catch-up sleep on its 
own (i.e., in the CU phenotype) may compensate for short 
workday sleep without a significant, immediately noticeable 
hit to physical health, at least that is noticeable to this group 
themselves; however, this kind of irregular sleep combined 
with other sleep issues (i.e., dissatisfaction and inefficiency 
as is the case with SDIIs) seems more definitively unhealthy.

Testing Job Characteristics Theories when Predicting 
Multidimensional Sleep Health Phenotypes

The present findings also newly link work characteristics to 
employees’ holistic sleep health and, in doing so, test the 

propositions of JDC(S) in explaining a more advanced, mul-
tidimensional characterization of sleep. In fact, our results 
do largely support a key tenet of JDC(S), which posits that 
psychological and physical strain is worse in jobs with high-
strain characteristics (i.e., low demands, high control, and 
high support, independently) and better in jobs with low-
strain characteristics (i.e., high demands, low control, and 
low support, independently; Karasek, 1979). Good sleep-
ers, the most theoretically optimal sleep health phenotype, 
indeed reported relatively low job demands, high job con-
trol, and high social support in line with a low-strain job 
(see Fig. 1). Offering further support, SDIIs, the most theo-
retically suboptimal phenotype, reported relatively high job 
demands, low job control, and low social support, in line 
with a high-strain job (see Fig. 1). Of note, though, job char-
acteristics consistent with a high-strain job were reported 
by those with holistically unhealthy nighttime sleep (i.e., 
the co-occurrence of short, dissatisfying, irregular, and inef-
ficiency sleep in SDIIs) but not co-occurring daytime sleep 
health issues (i.e., frequent napping).

The final sleep health phenotype, catch-up sleepers 
(CUs), reported moderate to high levels of job demands, 
control, and support (see Fig. 2). This is a novel finding that 
is not entirely explained by JDC(S) or other job character-
istics theories. CUs’ job characteristics fit best with those 
of an active job (i.e., high demands, high control) within 
JDC(S). Counter to the theoretically expected health-pro-
moting effect of job control (see also Hackman & Oldham, 
1976; Spector, 1986), some previous variable-centered 
research has shown that higher job control relates to shorter 
sleep duration overall (Park & Kim, 2019; Parkes, 2016; 
Takahashi et al., 2014). Here, by examining within-person 
configurations of multiple sleep health dimensions, we spec-
ify the link between job control and sleep duration: this short 
duration tends to occur on workdays, coupled with relatively 
longer duration on non-workdays and otherwise healthy 
sleep (i.e., the CU phenotype). This result goes beyond the 
scope of JDC(S)-based explanations. One potential justifica-
tion for this finding is that job control is generally a resource 
that promotes health (hence CUs’ mostly good sleep health), 
but it also depletes personal self-control resources needed to 
maintain rigid boundaries between work and home life (e.g., 
Clinton et al., 2020) and protect sleep. Relatedly, depleted 
self-control may also result in bedtime procrastination, later 
bedtimes (see Bernecker & Job, 2020), and thus shorter 
sleep on workdays.

Turning finally to social support, JDC(S) accurately 
predicted the support reported by the phenotypes in one of 
the two samples. Although social support was added to the 
original JDC (Karasek, 1979) as a buffer of the negative 
impact of job demands (i.e., JDCS; Karasek & Theorell, 
1990), it is also frequently positioned as a direct predic-
tor of better health and well-being (e.g., Viswesvaran et al., 
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1999), including sleep outcomes (Kent de Grey et al., 2018). 
Aligned with this expectation, the most suboptimal phe-
notype, SDIIs, reported significantly lower social support 
than did good sleepers or CUs. Based on these findings, 
we encourage the development of more nuanced models of 
employee sleep health, to supplement and specify predic-
tions of JDC(S) when explaining multiple aspects of sleep 
health and their co-occurrence. For instance, the recent 
Work, Nonwork, and Sleep (WNS; Crain et al., 2017) frame-
work currently focuses on sleep quantity and quality alone 
but could be expanded to include multiple sleep dimensions 
or common sleep phenotypes and their relations with work-
place experiences.

Practical Implications

Our findings call for more thorough and targeted 
employee sleep interventions. The co-occurrence of mul-
tiple nighttime sleep issues in SDIIs suggests multiple 
such issues may need to be tackled together as part of an 
overall pattern of poor nighttime sleep health in work-
ing adults. Unfortunately, typical sleep interventions are 
often unsuccessful in improving sleep health dimensions 
beyond quantity and quality (Murawski et al., 2018) and, 
certainly, there is a severe lack of interventions that tar-
get multiple sleep health dimensions simultaneously 
(Chung et al., 2021; for a notable exception see Ham-
mer et al., 2021). We hope that the identification of the 
SDII group will guide future sleep health intervention 
development that targets these particular nighttime sleep 
issues in tandem. Job design interventions could also 
be paired with sleep-related interventions and policies. 
Namely, our results indicate that high job demands and 
low job control are associated with the SDII group that 
could be promising targets of organizational interven-
tions aimed at boosting employees’ holistic sleep health. 
Such efforts could draw from new research which out-
lines a promising job demands-resources intervention 
that effectively boosts other aspects of occupational 
health (i.e., work engagement; Van Wingerden et al., 
2016). An effective sleep health intervention adapted 
from this framework might be marked by significant 
shifts by participants from the SDII group to the good 
sleepers group, for example. Our sociodemographic 
results also indicate that work settings employing more 
women and/or racial/ethnic minority members may have 
an increased need for sleep health interventions based on 
the heightened SDII risk for these groups.

Practical interventions regarding catch-up sleepers, 
however, may be premature. Additional research is needed 
to determine whether any long-term health consequences 
emerge for CUs that would warrant intervention and to more 
clearly identify their work characteristics to guide such 

interventions. That said, CUs are distinguished from good 
sleepers by their irregular sleep schedules. CUs may be able 
to improve their sleep health to be more consistent with the 
good sleeper group by adhering to sleep hygiene recom-
mendations to set consistent sleep and wake times through-
out the week (Dijk & Lockley, 2002; Stepanski & Wyatt, 
2003). Furthermore, sleep regularity may also be supported 
by organizational efforts to create consistent and predict-
able work schedules and work demands. CUs are likely to 
have more children, meaning workers with greater family 
demands may need specific support around sleep regularity 
rather than general sleep health interventions.

Limitations and Future Directions

Several limitations should be considered when interpreting 
the present findings. First, work, sleep, and health varia-
bles were all collected at one time point. This methodol-
ogy allows for description of the co-occurrence of work 
experience and sleep health at a given time. However, given 
that bidirectional relations between these variables are com-
monly found (Cho & Chen, 2020; Hanson et al., 2011; Van 
Laethem et al., 2015), future longitudinal research may help 
clarify the likely reciprocal relations between sleep health 
phenotypes, work characteristics, and additional health 
variables. Second, our data which came from the Midlife in 
the United States studies was slightly older than the larger 
American working population on average which may have 
colored our results. Workers may react differently to job 
demands and resources depending on their life and career 
stages (Salmela-Aro & Upadyaya, 2018). Moreover, sleep 
characteristics change with age (Ohayon et al., 2017) and 
thus recommendations on healthy sleep also differ by age 
groups (Hirshkowitz et al., 2015). Aligned with pushes to 
support successful aging in the workplace (Zacher, 2015), 
we encourage researchers to use subgroup analyses or mod-
eration in the future to explicitly consider age as a relevant 
contributor, rather than confound, to employees’ sleep 
health.

Additionally, our description of employees’ sleep health 
as a configuration of five key dimensions is both theoreti-
cally grounded and more detailed than past efforts but it is 
certainly not comprehensive. Future efforts to describe sleep 
health could not only expand to Buysse’s (2014) sixth dimen-
sion (i.e., timing of sleep and wake), which was not available 
in our datasets, but also to other sleep dimensions external to 
Buysse’s Ru-SATED framework such as chronotype (Hittle 
& Gillespie, 2018), sleep continuity, and rhythmicity (Wal-
lace et al., 2018a, b). Relatedly, objective measurement (e.g., 
actigraphy, polysomnography) or combined use of objective 
and survey methodology are increasingly used to characterize 
sleep health (Brindle et al., 2019; Wallace et al., 2018a, b, 
2021) and could be incorporated when identifying workers’ 
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sleep health phenotypes in the future. We did not capitalize 
on actigraphy-measured sleep as captured in MIDUS data-
sets because doing so would severely limit the sample sizes 
needed to conduct rigorous replication analyses across two 
independent samples. However, future research could use this 
data to further examine replicability using different meas-
urement techniques now that sleep phenotypes have been 
established among working adults. Relatedly, although we 
were able to largely replicate findings across two independent 
samples, the replicability of the three sleep health phenotypes 
found here should be tested in non-MIDUS samples, includ-
ing expansion of the nomological network of work, non-
work, and health constructs associated with each phenotype.

Finally, results surrounding the CU profile were somewhat 
inconsistent across the two samples examined. Because CU 
sleepers are an entirely new sleep health phenotype identified 
by our targeted sampling of working adults, further efforts are 
needed to clearly characterize the factors driving membership 
to this group. Individual differences are overlooked in the 
JDC(S) model but often interact with job characteristics to 
predict stress and health (Györkös et al., 2012), which may 
contribute to unclear results when they are not considered. 
Here, it is possible that some CU may sleep less on workdays 
(and compensate non-workdays) due to positive investment 
in work (e.g., trait engagement) whereas others may experi-
ence this same sleep health pattern due to negative, over-
investment in work (e.g., workaholism). Other work char-
acteristics beyond the scope of JDCS (e.g., work schedule 
regularity) may also play a role and should be considered as 
well. Overall, future research considering individual differ-
ences as potential drivers of sleep health profiles, in addition 
to or in conjunction with work characteristics, may thus help 
supplement and clarify the present results.

Conclusion

Across two large, national samples, we extracted three con-
sistent multidimensional sleep health phenotypes based in 
Buysse’s (2014) sleep framework. Employees’ optimal 
sleep health can be characterized by good sleep across all 
dimensions (i.e., good sleepers), which was relatively com-
mon in the present samples (40% and 54%). Employees’ 
suboptimal sleep health may manifest one of two main 
ways: (1) as the unhealthiest short, dissatisfied, inefficient, 
and irregular (SDII) phenotype or (2) as the catch-up (CU) 
phenotype. Our results simultaneously support key tenets of 
the Job Demands/Control (Support) Model (e.g., the strain 
hypothesis) when predicting these phenotypes while also 
pointing to its shortcomings when sleep health is measured 
as multiple, co-occurring dimensions. Furthermore, these 
findings emphasize that employees’ healthy and unhealthy 
sleep is more than sufficient quantity and quality—it is a 

complex pattern of co-occurring sleep experiences and 
should be conceptualized and measured as such. Traditional 
organizational theories may need to be supplemented with 
sleep-specific models that are amenable to sleep health 
phenotypes to better understand the complex relationships 
between work and sleep.

Acknowledgements  Since 1995, the Midlife in the United States Study 
has also been funded by the following: John D. and Catherine T. Mac-
Arthur Foundation Research Network, National Institute on Aging 
(P01-AG020166), and National Institute on Aging (U19-AG051426). 
Data and documentation for all MIDUS projects are available to 
other researchers at the Inter-university Consortium for Political and 
Social Research (ICPSR). In addition to the publicly available data at 
ICPSR, a MIDUS-Colectica Portal (midus.colectica.org) contains rich 
searchable metadata, links to helpful documentation, and the ability to 
download customized datasets. Analytic methods specific to the cur-
rent study are available upon request from the corresponding author. 
The current study was not preregistered with an analysis plan in an 
independent, institutional registry.

Funding  This study was supported by a grant from the National Insti-
tute on Aging (PI: Lee, Grant No. 1R56AG065251—01A1).

Data Availability   The data that support this study are openly available 
on the Inter-university Consortium for Political and Social Research 
(ICPSR) website (https://​www.​icpsr.​umich.​edu/​web/​ICPSR/​series/​203).

Declarations 

Competing Interests  As described above, this project was funded by the 
National Institute on Aging, and our data came from the Midlife in the 
United States Study. We have no further conflicts of interest to report.

References

Alarcon, G. M. (2011). A meta-analysis of burnout with job demands, 
resources, and attitudes. Journal of Vocational Behavior, 79(2), 
549–562. https://​doi.​org/​10.​1016/j.​jvb.​2011.​03.​007

Bakker, A. B., & Demerouti, E. (2014). Job demands-resources theory. 
In P. Y. Chen & C. L. Cooper (Eds.), Work and wellbeing: A 
complete reference guide (Vol. 3, pp. 1–28). John Wiley & Sons, 
Inc. https://​doi.​org/​10.​1002/​97811​18539​415.​wbwel​l019

Barber, L. K., & Budnick, C. J. (2015). Turning molehills into moun-
tains: Sleepiness increases workplace interpretive bias. Journal 
of Organizational Behavior, 36(3), 360–381. https://​doi.​org/​10.​
1002/​job.​1992

Barnes, C. M., & Drake, C. L. (2015). Prioritizing sleep health: Public 
health policy recommendations. Perspectives on Psychological 
Science, 10(6), 733–737. https://​doi.​org/​10.​1177/​17456​91615​
598509

Barnes, C. M., Ghumman, S., & Scott, B. A. (2013). Sleep and 
organizational citizenship behavior: The mediating role of 
job satisfaction. Journal of Occupational Health Psychology, 
18(1), 16–26. https://​doi.​org/​10.​1037/​a0030​349

Barnes, C. M., Jiang, K., & Lepak, D. P. (2016). Sabotaging the 
benefits of our own human capital: Work unit characteristics 
and sleep. Journal of Applied Psychology, 101(2), 209–221. 
https://​doi.​org/​10.​1037/​apl00​00042

Barthe, B., Tirilly, G., Gentil, C., & Toupin, C. (2016). Job demands 
and resting and napping opportunities for nurses during night 

https://www.icpsr.umich.edu/web/ICPSR/series/203
https://doi.org/10.1016/j.jvb.2011.03.007
https://doi.org/10.1002/9781118539415.wbwell019
https://doi.org/10.1002/job.1992
https://doi.org/10.1002/job.1992
https://doi.org/10.1177/1745691615598509
https://doi.org/10.1177/1745691615598509
https://doi.org/10.1037/a0030349
https://doi.org/10.1037/apl0000042


407Journal of Business and Psychology (2024) 39:393–410	

1 3

shifts: Impact on sleepiness and self-evaluated quality of 
healthcare. Industrial Health, 54(2), 157–162. https://​doi.​org/​
10.​2486/​indhe​alth.​2015-​0002

Basner, M., Spaeth, A. M., & Dinges, D. F. (2014). Sociodemo-
graphic characteristics and waking activities and their role in 
the timing and duration of sleep. Sleep, 37(12), 1889–1906. 
https://​doi.​org/​10.​5665/​SLEEP.​4238

Bernecker, K., & Job, V. (2020). Too exhausted to go to bed: Implicit 
theories about willpower and stress predict bedtime procras-
tination. British Journal of Psychology, 111(1), 126–147. 
https://​doi.​org/​10.​1111/​bjop.​12382

Brindle, R. C., Yu, L., Buysse, D. J., & Hall, M. H. (2019). Empiri-
cal derivation of cutoff values for the sleep health metric and 
its relationship to cardiometabolic morbidity: Results from 
the Midlife in the United States (MIDUS) study. Sleep, 42(9), 
zsz116. https://​doi.​org/​10.​1093/​sleep/​zsz116

Brossoit, R. M., Crain, T. L., Leslie, J. J., Hammer, L. B., Truxillo, 
D. M., & Bodner, T. E. (2019). The effects of sleep on work-
place cognitive failure and safety. Journal of Occupational 
Health Psychology, 24(4), 411–422. https://​doi.​org/​10.​1037/​
OCP00​00139

Buysse, D. J. (2014). Sleep health: Can we define it? Does it matter? 
Sleep: Journal of Sleep and Sleep Disorders Research, 37(1), 
9–17. https://​doi.​org/​10.​5665/​sleep.​3298

Cappuccio, F. P., Cooper, D., D’Elia, L., Strazzullo, P., & Miller, M. 
A. (2011). Sleep duration predicts cardiovascular outcomes: 
A systematic review and meta-analysis of prospective studies. 
European Heart Journal, 32(12), 1484–1492. https://​doi.​org/​10.​
1093/​EURHE​ARTJ/​EHR007

Carskadon, M. A., & Dement, W. C. (2011). Monitoring and staging 
human sleep. In M. H. Kryger, T. Roth, & W. C. Dement (Eds.), 
Principles and practice of sleep medicine (5th ed., pp. 16–26). 
St. Louis: Elsevier Saunders. https://​doi.​org/​10.​1016/​B978-1-​
4160-​6645-3.​00002-5

Centers for Disease Control and Prevention (CDC). (2021). Short sleep 
duration among US adults. Centers for Disease Control and Pre-
vention: Sleep and Sleep Disorders. Retrieved December 5, 2022, 
from https://​www.​cdc.​gov/​sleep/​data_​stati​stics.​html

Chen, T.-Y., Lee, S., & Buxton, O. M. (2017). A greater extent of 
insomnia symptoms and physician-recommended sleep medica-
tion use predict fall risk in community-dwelling older adults. 
Sleep, 40(11), zsx142. https://​doi.​org/​10.​1093/​sleep/​zsx142

Cho, E., & Chen, T.-Y. (2020). The bidirectional relationships between 
effort-reward imbalance and sleep problems among older work-
ers. Sleep Health, 6(3), 299–305. https://​doi.​org/​10.​1016/j.​sleh.​
2020.​01.​008

Chokroverty, S. (2017). Overview of normal sleep. In: S. Chokroverty 
(Ed.) Sleep disorders medicine. Springer, New York, NY. https://​
doi.​org/​10.​1007/​978-1-​4939-​6578-6_2

Chung, J., Goodman, M., Huang, T., Bertisch, S., & Redline, S. (2021). 
Multidimensional sleep health in a diverse, aging adult cohort: 
Concepts, advances, and implications for research and interven-
tion. Sleep Health, 7(6), 699–707.

Clark, S. L., & Muthén, B. (2009). Relating latent class analysis results 
to variables not included in the analysis.

Clinton, M.E., Conway, N., Sturges, J., & Hewett, R. (2020). Self-con-
trol during daily work activities and work-to-nonwork conflict. 
Journal of Vocational Behavior, 118, Article 103410. https://​doi.​
org/​10.​1016/j.​jvb.​2020.​103410

Cousins, J. N., Leong, R. L. F., Jamaluddin, S. A., et  al. (2021). 
Splitting sleep between the night and a daytime nap reduces 
homeostatic sleep pressure and enhances long-term mem-
ory. Science and Reports, 11, 5275. https://​doi.​org/​10.​1038/​
s41598-​021-​84625-8

Crain, T. L., Brossoit, R. M., & Fisher, G. G. (2017). Work, Nonwork, 
and Sleep (WNS): A review and conceptual framework. Journal 

of Business and Psychology, 33(6), 675–697. https://​doi.​org/​10.​
1007/​s10869-​017-​9521-x

de Jonge, J., Spoor, E., Sonnentag, S., Dormann, C., & van den Tooren, 
M. (2012). “Take a break?!” off-job recovery, job demands, and 
job resources as predictors of health, active learning, and creativ-
ity. European Journal of Work and Organizational Psychology, 
21(3), 321–348. https://​doi.​org/​10.​1080/​13594​32X.​2011.​576009

de Lange, A. H., Kompier, M. A. J., Taris, T. W., Geurts, S. A. E., 
Beckers, D. G. J., Houtman, I. L. D., & Bongers, P. M. (2009). 
A hard day’s night: A longitudinal study on the relationships 
among job demands and job control, sleep quality and fatigue. 
Journal of Sleep Research, 18(3), 374–383. https://​doi.​org/​10.​
1111/j.​1365-​2869.​2009.​00735.x

Dijk, D.-J., & Lockley, S. W. (2002). Integration of human sleep-wake 
regulation and circadian rhythmicity. Journal of Applied Physi-
ology, 92, 852–862. https://​doi.​org/​10.​1152/​jappl​physi​ol.​00924.​
2001

Dijk, D. J., Beersma, D. G. M., & Daan, S. (1987). EEG power density 
during nap sleep: Reflection of an hourglass measuring the dura-
tion of prior wakefulness. Journal of Biological Rhythms, 2(3), 
207–219. https://​doi.​org/​10.​1177/​07487​30487​00200​304

Eid, M., Langeheine, R., & Diener, E. (2003). Comparing typological 
structures across cultures by multigroup latent class analysis. 
Journal of Cross-Cultural Psychology, 34(2), 195–210. https://​
doi.​org/​10.​1177/​00220​22102​250427

Eidelman, D. (2002). What is the purpose of sleep? Medical Hypoth-
eses, 58(2), 120–122. https://​doi.​org/​10.​1054/​mehy.​2001.​1472

Froom, P., Melamed, S., Triber, I., Ratson, N., & Hermoni, D. (2004). 
Predicting self-reported health: The CORDIS study. Preventi-
tive Medicine, 39(2), 419–423. https://​doi.​org/​10.​1016/j.​ypmed.​
2004.​02.​006

Gabriel, A. S., Daniels, M. A., Diefendorff, J. M., & Greguras, G. J. 
(2015). Emotional labor actors: A latent profile analysis of emo-
tional labor strategies. Journal of Applied Psychology, 100(3), 
863–879. https://​doi.​org/​10.​1037/​a0037​408

Gallicchio, L., & Kalesan, B. (2009). Sleep duration and mortality: A 
systematic review and meta-analysis. Journal of Sleep Research, 
18(2), 148–158. https://​doi.​org/​10.​1111/j.​1365-​2869.​2008.​
00732.x

Gonzalez-Mulé, E., Kim, M. M., & Ryu, J. W. (2021). A meta-ana-
lytic test of multiplicative and additive models of job demands, 
resources, and stress. Journal of Applied Psychology, 106(9), 
1391–1411. https://​doi.​org/​10.​1037/​apl00​00840

Györkös, C., Becker, J., Massoudi, K., de Bruin, G. P., & Rossier, 
J. (2012). The impact of personality and culture on the job 
demands-control model of job stress. Swiss Journal of Psychol-
ogy, 71(1), 21–28. https://​doi.​org/​10.​1024/​1421-​0185/​a0000​65

Hackman, J. R., & Oldham, G. R. (1976). Motivation through the 
design of work: Test of a theory. Organizational Behavior & 
Human Performance, 16(2), 250–279. https://​doi.​org/​10.​1016/​
0030-​5073(76)​90016-7

Hafner, M., Stepanek, M., Taylor, J., Troxel, W. M., & van Stolk, C. 
(2017). Why sleep matters: The economic costs of insufficient 
sleep: A cross-country comparative analysis. RAND Health 
Quarterly, 6(4), 11. Retrieved May 17, 2023, from https://​www.​
rand.​org/​pubs/​resea​rch_​repor​ts/​RR1791.​html

Hammer, L. B., Brady, J. M., Brossoit, R. M., Mohr, C. D., Bodner, T. 
E., Crain, T. L., & Brockwood, K. J. (2021). Effects of a Total 
Worker Health® leadership intervention on employee well-being 
and functional impairment. Journal of Occupational Health Psy-
chology, 26(6), 582.

Hanson, L. L. M., Åkerstedt, T., Näswall, K., Leineweber, C., Theorell, 
T., & Westerlund, H. (2011). Cross-lagged relationships between 
workplace demands, control, support, and sleep problems. Sleep: 
Journal of Sleep and Sleep Disorders Research, 34(10), 1403–
1410. https://​doi.​org/​10.​5665/​SLEEP.​1288

https://doi.org/10.2486/indhealth.2015-0002
https://doi.org/10.2486/indhealth.2015-0002
https://doi.org/10.5665/SLEEP.4238
https://doi.org/10.1111/bjop.12382
https://doi.org/10.1093/sleep/zsz116
https://doi.org/10.1037/OCP0000139
https://doi.org/10.1037/OCP0000139
https://doi.org/10.5665/sleep.3298
https://doi.org/10.1093/EURHEARTJ/EHR007
https://doi.org/10.1093/EURHEARTJ/EHR007
https://doi.org/10.1016/B978-1-4160-6645-3.00002-5
https://doi.org/10.1016/B978-1-4160-6645-3.00002-5
https://www.cdc.gov/sleep/data_statistics.html
https://doi.org/10.1093/sleep/zsx142
https://doi.org/10.1016/j.sleh.2020.01.008
https://doi.org/10.1016/j.sleh.2020.01.008
https://doi.org/10.1007/978-1-4939-6578-6_2
https://doi.org/10.1007/978-1-4939-6578-6_2
https://doi.org/10.1016/j.jvb.2020.103410
https://doi.org/10.1016/j.jvb.2020.103410
https://doi.org/10.1038/s41598-021-84625-8
https://doi.org/10.1038/s41598-021-84625-8
https://doi.org/10.1007/s10869-017-9521-x
https://doi.org/10.1007/s10869-017-9521-x
https://doi.org/10.1080/1359432X.2011.576009
https://doi.org/10.1111/j.1365-2869.2009.00735.x
https://doi.org/10.1111/j.1365-2869.2009.00735.x
https://doi.org/10.1152/japplphysiol.00924.2001
https://doi.org/10.1152/japplphysiol.00924.2001
https://doi.org/10.1177/074873048700200304
https://doi.org/10.1177/0022022102250427
https://doi.org/10.1177/0022022102250427
https://doi.org/10.1054/mehy.2001.1472
https://doi.org/10.1016/j.ypmed.2004.02.006
https://doi.org/10.1016/j.ypmed.2004.02.006
https://doi.org/10.1037/a0037408
https://doi.org/10.1111/j.1365-2869.2008.00732.x
https://doi.org/10.1111/j.1365-2869.2008.00732.x
https://doi.org/10.1037/apl0000840
https://doi.org/10.1024/1421-0185/a000065
https://doi.org/10.1016/0030-5073(76)90016-7
https://doi.org/10.1016/0030-5073(76)90016-7
https://www.rand.org/pubs/research_reports/RR1791.html
https://www.rand.org/pubs/research_reports/RR1791.html
https://doi.org/10.5665/SLEEP.1288


408	 Journal of Business and Psychology (2024) 39:393–410

1 3

Haun, V. C., & Oppenauer, V. (2019). The role of job demands and 
negative work reflection in employees’ trajectory of sleep quality 
over the workweek. Journal of Occupational Health Psychology, 
24(6), 675–688. https://​doi.​org/​10.​1037/​ocp00​00156

Häusser, J. A., Mojzisch, A., Niesel, M., & Schulz-Hardt, S. (2010). 
Ten years on: A review of recent research on the job demand-
control (-support) model and psychological well-being. Work & 
Stress, 24(1), 1–35. https://​doi.​org/​10.​1080/​02678​37100​36837​47

Härmä, M. (2006). Workhours in relation to work stress, recovery and 
health. Scandinavian Journal of Work, Environment & Health, 
32, 502–514. https://​doi.​org/​10.​5271/​sjweh.​1055

Henderson, A. A., & Horan, K. A. (2021). A meta-analysis of sleep and 
work performance: An examination of moderators and mediators. 
Journal of Organizational Behavior, 42(1), 1–19. https://​doi.​org/​
10.​1002/​JOB.​2486

Hirshkowitz, M., Whiton, K., Albert, S. M., Alessi, C., Bruni, O., 
DonCarlos, L., Hazen, N., Herman, J., Katz, E. S., Kheirandish-
Gozal, L., Neubauer, D. N., O’Donnell, A. E., Ohayon, M., 
Peever, J., Rawding, R., Sachdeva, R. C., Setters, B., Vitiello, 
M. V., Ware, J. C., & Adams Hillard, P. J. (2015). National Sleep 
Foundation’s sleep time duration recommendations: Methodol-
ogy and results summary. Sleep Health, 1(1), 40–43. https://​doi.​
org/​10.​1016/j.​sleh.​2014.​12.​010

Hittle, B. M., & Gillespie, G. L. (2018). Identifying shift worker 
chronotype: implications for health. Industrial Health, 56(6), 
512–523. https://​doi.​org/​10.​2486/​indhe​alth.​2018-​0018

Hu, X., Santuzzi, A. M., & Barber, L. K. (2019). Disconnecting to 
detach: The role of impaired recovery in negative consequences 
of workplace telepressure. Journal of Work and Organizational 
Psychology, 35(1), 9–15. https://​doi.​org/​10.​5093/​jwop2​019a2

Iwasaki, S., Deguchi, Y., & Inoue, K. (2018). Association between 
work role stressors and sleep quality. Occupational Medicine, 
68(3), 171–176. https://​doi.​org/​10.​1093/​occmed/​kqy021

Johnson, J. V., & Hall, E. M. (2011). Job strain, workplace social sup-
port, and cardiovascular disease: A cross-sectional study of a 
random sample of the Swedish working population. American 
Journal of Public Health, 78(10), 1336–1342. https://​doi.​org/​
10.​2105/​AJPH.​78.​10.​1336

Jung, T., & Wickrama, K. A. S. (2008). An introduction to latent class 
growth analysis and growth mixture modeling. Social and Per-
sonality Psychology Compass, 2(1), 302–317. https://​doi.​org/​10.​
1111/j.​1751-​9004.​2007.​00054.x

Karasek, R. A. (1979). Job demands, job decision latitude, and men-
tal strain: Implications for job redesign. Administrative Science 
Quarterly, 24(2), 285–308. https://​doi.​org/​10.​2307/​23924​98

Karasek, R., & Theorell, T. (1990). Healthy work: Stress, productivity, 
and the reconstruction of working life. Basic Books.

Karhula, K., Härmä, M., Sallinen, M., Hublin, C., Virkkala, J., 
Kivimäki, M., Vahtera, J., & Puttonen, S. (2013). Jobs train, 
sleep, and alertness in shift working health care professionals: 
A field study. Industrial Health, 51(4), 406–416. https://​doi.​org/​
10.​2486/​indhe​alth.​2013-​0015

Kent de Grey, R. G., Uchino, B. N., Trettevik, R., Cronan, S., & 
Hogan, J. N. (2018). Social support and sleep: A meta-analysis. 
Health Psychology, 37(8), 787–798. https://​doi.​org/​10.​1037/​
hea00​00628

Kwon, M., Park, E., & Dickerson, S. S. (2019). Adolescent substance 
use and its association to sleep disturbances: A systematic 
review. Sleep Health, 5, 382–394. https://​doi.​org/​10.​1016/j.​
sleh.​2019.​06.​001

Lee, S., Hale, L., Chang, A. M., Nahmod, N. G., Master, L., Berger, 
L. M., & Buxton, O. M. (2019). Longitudinal associations of 
childhood bedtime and sleep routines with adolescent body 
mass index. Sleep, 42(1), zsy202. https://​doi.​org/​10.​1093/​
sleep/​zsy202

Lee, S., Mu, C.X., Wallace, M.L., Andel, R., Almeida, D.M., Bux-
ton, O.M., & Patel, S.R. (2022). Sleep health composites 
are associated with the risks of heart disease across sex and 
race. Scientific Reports, 12(1), 1–11. https://​doi.​org/​10.​1038/​
s41598-​022-​05203-0

Leger, D., Richard, J.-B., Collin, O., Sauvet, F., & Faraut, B. (2020). 
Napping and non-workday catch-up sleep do not fully compen-
sate for high rates of sleep debt and short sleep at a population 
level (in a representative nationwide sample of 12,637 adults). 
Sleep Medicine, 74, 278–288. https://​doi.​org/​10.​1016/j.​sleep.​
2020.​05.​030

Linton, S. J., Kecklund, G., Franklin, K. A., Leissner, L. C., Sivertsen, 
B., Lindberg, E., Svensson, A. C., Hansson, S. O., Sundin, Ö., 
Hetta, J., Björkelund, C., & Hall, C. (2015). The effect of the 
work environment on future sleep disturbances: A systematic 
review. Sleep Medicine Reviews, 23, 10–19. https://​doi.​org/​10.​
1016/j.​smrv.​2014.​10.​010

Litwiller, B., Snyder, L. A., Taylor, W. D., & Steele, L. M. (2017). The 
relationship between sleep and work: A meta-analysis. Journal 
of Applied Psychology, 102(4), 682–699. https://​doi.​org/​10.​1037/​
apl00​00169

Liu, Y., Wheaton, A. G., Chapman, D. P., Cunningham, T. J., Lu, H., & 
Croft, J. B. (2016). Prevalence of healthy sleep duration among 
adults — United States 2014 MMWR. Morbidity and Mortality 
Weekly Report, 65(6), 137–141. https://​doi.​org/​10.​15585/​mmwr.​
mm650​6a1

Lubke, G., & Muthén, B. O. (2007). Performance of factor mixture 
models as a function of model size, covariate effects, and class-
specific parameters. Structural Equation Modeling, 14(1), 26–47. 
https://​doi.​org/​10.​1207/​s1532​8007s​em1401_2

Magee, C. A., & Blunden, S. (2020). Sleep timing during adolescence: 
A latent transition analysis approach. Behavioral Sleep Medicine, 
18(1), 131–146. https://​doi.​org/​10.​1080/​15402​002.​2018.​15461​80

Magee, C. A., Reddy, P., Robinson, L., & McGregor, A. (2016). Sleep 
quality subtypes and obesity. Health Psychology, 35(12), 1289–
1297. https://​doi.​org/​10.​1037/​hea00​00370

Magee, C. A., Robinson, L., & Keane, C. (2017). Sleep quality sub-
types predict health-related quality of life in children. Sleep 
Medicine, 35, 67–73. https://​doi.​org/​10.​1016/j.​sleep.​2017.​04.​007

Masyn, K. E. (2013). Latent class analysis and finite mixture modeling. 
In T. D. Little (Ed.), The Oxford handbook of quantitative meth-
ods: Statistical analysis (pp. 551–611). Oxford University Press.

Matick, E., Kottwitz, M. U., Lemmer, G., & Otto, K. (2021). How to 
sleep well in times of high job demands: The supportive role 
of detachment and perceived social support. Work & Stress. 
Advance Online Publication. https://​doi.​org/​10.​1080/​02678​373.​
2021.​18890​71

Matricciani, L., Bin, Y. S., Lallukka, T., Kronholm, E., Wake, M., 
Paquet, C., Dumuid, D., & Olds, T. (2018). Rethinking the sleep-
health link. Sleep & Health, 4(4), 339–348. https://​doi.​org/​10.​
1016/j.​sleh.​2018.​05.​004

Matricciani, L., Paquet, C., Fraysse, F., Grobler, A., Wang, Y., Baur, 
L., Juonala, M., Nguyen, M. T., Ranganathan, S., Burgner, D., 
Wake, M. & Olds, T. (2021). Sleep and cardiometabolic risk: A 
cluster analysis of actigraphy-derived sleep profiles in adults and 
children. SLEEP, 44 (7). https://​doi.​org/​10.​1093/​sleep/​zsab0​14.

Matricciani, L., Paquet, C., Fraysse, F., Wake, M., & Olds, T. (2020). 
Sleep profiles of Australian children aged 11–12 years and their 
parents: Sociodemographic characteristics and lifestyle corre-
lates. Sleep Medicine, 73, 53–62. https://​doi.​org/​10.​1016/j.​sleep.​
2020.​04.​017

Morin, A. J. S., Boudrias, J.-S., Marsh, H. W., Madore, I., & Desru-
maux, P. (2016). Further reflections on disentangling shape 
and level effects in person-centered analyses: An illustration 
exploring the dimensionality of psychological health. Structural 

https://doi.org/10.1037/ocp0000156
https://doi.org/10.1080/02678371003683747
https://doi.org/10.5271/sjweh.1055
https://doi.org/10.1002/JOB.2486
https://doi.org/10.1002/JOB.2486
https://doi.org/10.1016/j.sleh.2014.12.010
https://doi.org/10.1016/j.sleh.2014.12.010
https://doi.org/10.2486/indhealth.2018-0018
https://doi.org/10.5093/jwop2019a2
https://doi.org/10.1093/occmed/kqy021
https://doi.org/10.2105/AJPH.78.10.1336
https://doi.org/10.2105/AJPH.78.10.1336
https://doi.org/10.1111/j.1751-9004.2007.00054.x
https://doi.org/10.1111/j.1751-9004.2007.00054.x
https://doi.org/10.2307/2392498
https://doi.org/10.2486/indhealth.2013-0015
https://doi.org/10.2486/indhealth.2013-0015
https://doi.org/10.1037/hea0000628
https://doi.org/10.1037/hea0000628
https://doi.org/10.1016/j.sleh.2019.06.001
https://doi.org/10.1016/j.sleh.2019.06.001
https://doi.org/10.1093/sleep/zsy202
https://doi.org/10.1093/sleep/zsy202
https://doi.org/10.1038/s41598-022-05203-0
https://doi.org/10.1038/s41598-022-05203-0
https://doi.org/10.1016/j.sleep.2020.05.030
https://doi.org/10.1016/j.sleep.2020.05.030
https://doi.org/10.1016/j.smrv.2014.10.010
https://doi.org/10.1016/j.smrv.2014.10.010
https://doi.org/10.1037/apl0000169
https://doi.org/10.1037/apl0000169
https://doi.org/10.15585/mmwr.mm6506a1
https://doi.org/10.15585/mmwr.mm6506a1
https://doi.org/10.1207/s15328007sem1401_2
https://doi.org/10.1080/15402002.2018.1546180
https://doi.org/10.1037/hea0000370
https://doi.org/10.1016/j.sleep.2017.04.007
https://doi.org/10.1080/02678373.2021.1889071
https://doi.org/10.1080/02678373.2021.1889071
https://doi.org/10.1016/j.sleh.2018.05.004
https://doi.org/10.1016/j.sleh.2018.05.004
https://doi.org/10.1093/sleep/zsab014
https://doi.org/10.1016/j.sleep.2020.04.017
https://doi.org/10.1016/j.sleep.2020.04.017


409Journal of Business and Psychology (2024) 39:393–410	

1 3

Equation Modeling, 23(3), 438–454. https://​doi.​org/​10.​1080/​
10705​511.​2015.​11160​77

Morin, A. J. S., Bujacz, A., & Gagné, M. (2018). Person-centered 
methodologies in the organizational sciences: Introduction to 
the feature topic. Organizational Research Methods, 21(4), 
803–813. https://​doi.​org/​10.​1177/​10944​28118​773856

Murawski, B., Wade, L., Plotnikoff, R. C., Lubans, D. R., & Duncan, 
M. J. (2018). A systematic review and meta-analysis of cognitive 
and behavioral interventions to improve sleep health in adults 
without sleep disorders. Sleep Medicine Reviews, 40, 160–169. 
https://​doi.​org/​10.​1016/j.​smrv.​2017.​12.​003

Muthén, B. (2004). Latent variable analysis: Growth mixture modeling 
and related techniques for longitudinal data. In D. Kaplan (Ed.), 
Handbook of Quantitative Methodology for the Social Sciences 
(pp. 345–368). Sage.

Muthén, L., & Muthén, B. (2007). Mplus user’s guide: Statistical anal-
ysis with latent variables (7th ed.). Muthén & Muthén.

National Sleep Foundation. (2008). Sleep, performance, and the work-
place. Sleep Foundation. Retrieved December 5, 2022, from 
https://​www.​sleep​found​ation.​org/​profe​ssion​als/​sleep-​ameri​car-​
polls/​2008-​sleep-​perfo​rmance-​and-​workp​lace

Nylund, K. L., Asparouhov, T., & Muthén, B. O. (2007). Deciding on 
the number of classes in latent class analysis and growth mixture 
modeling: A Monte Carlo simulation study. Structural Equation 
Modeling, 14(4), 535–569. https://​doi.​org/​10.​1080/​10705​51070​
15753​96

Ohayon, M., Wickwire, E. M., Hirshkowitz, M., Albert, S. M., Avidan, 
A., Daly, F. J., Dauvilliers, Y., Ferri, R., Fung, C., Gozal, D., 
Hazen, N., Krystal, A., Lichstein, K., Mallampalli, M., Plazzi, 
G., Rawding, R., Scheer, F. A., Somers, V., & Vitiello, M. V. 
(2017). National Sleep Foundation’s sleep quality recommenda-
tions: First report. Sleep Health, 3(1), 6–19. https://​doi.​org/​10.​
1016/j.​sleh.​2016.​11.​006

Owens, J. F., Buysse, D. J., Hall, M., Kamarck, T. W., Lee, L., Strollo, 
P. J., Reis, S. E., & Matthews, K. A. (2010). Napping, nighttime 
sleep, and cardiovascular risk factors in mid-life adults. Journal 
of Sleep Medicine, 6(4), 330–335. https://​doi.​org/​10.​5664/​jcsm.​
27873

Park, Y., & Kim, S. (2019). Customer mistreatment harms nightly sleep 
and next-morning recovery: Job control and recovery self-effi-
cacy as cross-level moderators. Journal of Occupational Health 
Psychology, 24(2), 256–269. https://​doi.​org/​10.​1037/​ocp00​00128

Parkes, K. R. (2016). Age and work environment characteristics in 
relation to sleep: Additive, interactive and curvilinear effects. 
Applied Ergonomics, 54, 41–50. https://​doi.​org/​10.​1016/j.​apergo.​
2015.​11.​009

Pilcher, J. J., Michalowski, K. R., & Carrigan, R. D. (2001). The preva-
lence of daytime napping and its relationship to nighttime sleep. 
Behavioral Medicine, 27(2), 71–76. https://​doi.​org/​10.​1080/​
08964​28010​95957​73

Radstaak, M., Geurts, S. A., Beckers, D. G. J., Brosschot, J. F., & 
Kompier, M. A. (2015). Work stressors, perseverative cognition 
and objective sleep quality: A longitudinal study among Dutch 
Helicopter Emergency Medical Service (HEMS) pilots. Journal 
of Occupational Health, 56(6), 469–477. https://​doi.​org/​10.​1539/​
joh.​14-​0118-​OA

Ravyts, S. G., Dzierzewski, J. M., Raldiris, T., & Perez, E. (2019). 
Sleep and pain interference in individuals with chronic pain in 
mid- to late-life: The influence of negative and positive affect. 
Journal of Sleep Research, 28(4), 1–7. https://​doi.​org/​10.​1111/​
jsr.​12807

Reio, T. G., Jr. (2010). The threat of common method variance bias 
to theory building. Human Resource Development Review, 9(4), 
405–411. https://​doi.​org/​10.​1177/​15344​84310​380331

Roth, T. (2007). Insomnia: Definition, prevalence, etiology, and con-
sequences. Journal of Clinical Sleep Medicine, 3(5), S7–S10. 
https://​doi.​org/​10.​5664/​jcsm.​26929

Salmela-Aro, K., & Upadyaya, K. (2018). Role of demands-resources 
in work engagement and burnout in different career stages. Jour-
nal of Vocational Behavior, 108, 190–200. https://​doi.​org/​10.​
1016/j.​jvb.​2018.​08.​002

Schmidt, M. H. (2014). The energy allocation function of sleep: A 
unifying theory of sleep, torpor, and continuous wakefulness. 
Neuroscience and Biobehavioral Reviews, 47, 122–153. https://​
doi.​org/​10.​1016/j.​neubi​orev.​2014.​08.​001

Sejnowski, T. J., & Destexhe, A. (2000). Why do we sleep? Brain 
Research, 886(1–2), 208–223. https://​doi.​org/​10.​1016/​s0006-​
8993(00)​03007-9

Selvi, Y., Boysan, M., Kandeger, A., Uygur, O. R., Sayin, A. A., 
Akbaba, N., & Koc, B. (2018). Heterogeneity of sleep quality in 
relation to circadian preferences and depressive symptomatology 
among major depressive patients. Journal of Affective Disorders, 
235(1), 242–249. https://​doi.​org/​10.​1016/j.​jad.​2018.​02.​018

Slater, J. D. (2008). A definition of drowsiness: One purpose for sleep? 
Medical Hypothesis, 71(5), 641–644. https://​doi.​org/​10.​1016/j.​
mehy.​2008.​05.​035

Spector, P. E. (1986). Perceived control by employees: A meta-anal-
ysis of studies concerning autonomy and participation at work. 
Human Relations, 39(11), 1005–1016. https://​doi.​org/​10.​1177/​
00187​26786​03901​104

Spurk, D., Hirschi, A., Wang, M., Valero, D., & Kauffeld, S. (2020). 
Latent profile analysis: A review and “how to” guide of its appli-
cation within vocational behavior research. Journal of Vocational 
Behavior, 120, 103445. https://​doi.​org/​10.​1016/j.​jvb.​2020.​
103445

Stepanski, E. J., & Wyatt, J. K. (2003). Use of sleep hygiene in the 
treatment of insomnia. Sleep Medicine Reviews, 7(3), 215–225. 
https://​doi.​org/​10.​1053/​smrv.​2001.​0246

Swanson, L. M., Aarnedt, J. T., Rosekind, M. R., Belenky, G., Balkin, 
T. J., & Drake, C. (2011). Sleep disorders and work performance: 
Findings from the 2008 National Sleep Foundation Sleep in 
America poll. Journal of Sleep Research, 20(3), 487–494. https://​
doi.​org/​10.​1111/j.​1365-​2869.​2010.​00890.x

Takahashi, M., Tsutsumi, A., Kurioka, S., Inoue, A., Shimazu, A., 
Kosugi, Y., & Kawakami, N. (2014). Occupational and socio-
economic differences in actigraphically measured sleep. Journal 
of Sleep Research, 23(4), 458–462. https://​doi.​org/​10.​1111/​jsr.​
12136

Tein, J.-Y., Coxe, S., & Cham, H. (2013). Statistical power to detect 
the correct number of classes in latent profile analysis. Structural 
Equation Modeling, 20(4), 640–657. https://​doi.​org/​10.​1080/​
10705​511.​2013.​824781

Tariq, H., Derek Weng, Q., & Obaid, A. (2019). Another sleepless 
night: Does a leader’s poor sleep lead to subordinate’s poor 
sleep? A spillover/crossover perspective. Journal of Sleep 
Research, 29(1), e12904. https://​doi.​org/​10.​1111/​jsr.​12904

ten Brummelhuis, L. L., & Bakker, A. B. (2012). A resource perspective 
on the work-home interface: The work-home resources model. 
American Psychologist, 67(7), 545–556. https://​doi.​org/​10.​1037/​
A0027​974

Thompson, A. M., Macy, R. J., & Fraser, M. W. (2011). Assessing 
person-centered outcomes in practice research: A latent transi-
tion profile framework. Journal of Community Psychology, 39(8), 
987–1002. https://​doi.​org/​10.​1002/​jcop.​20485

Van Laethem, M., Beckers, D. G. J., Kompier, M. A. J., Dijksterhuis, 
A., & Geurts, S. A. E. (2013). Psychosocial work characteristics 
and sleep quality: A systematic review of longitudinal and inter-
vention research. Scandinavian Journal of Work, Environment 
& Health, 39(6), 535–549. https://​doi.​org/​10.​5271/​sjweh.​3376

https://doi.org/10.1080/10705511.2015.1116077
https://doi.org/10.1080/10705511.2015.1116077
https://doi.org/10.1177/1094428118773856
https://doi.org/10.1016/j.smrv.2017.12.003
https://www.sleepfoundation.org/professionals/sleep-americar-polls/2008-sleep-performance-and-workplace
https://www.sleepfoundation.org/professionals/sleep-americar-polls/2008-sleep-performance-and-workplace
https://doi.org/10.1080/10705510701575396
https://doi.org/10.1080/10705510701575396
https://doi.org/10.1016/j.sleh.2016.11.006
https://doi.org/10.1016/j.sleh.2016.11.006
https://doi.org/10.5664/jcsm.27873
https://doi.org/10.5664/jcsm.27873
https://doi.org/10.1037/ocp0000128
https://doi.org/10.1016/j.apergo.2015.11.009
https://doi.org/10.1016/j.apergo.2015.11.009
https://doi.org/10.1080/08964280109595773
https://doi.org/10.1080/08964280109595773
https://doi.org/10.1539/joh.14-0118-OA
https://doi.org/10.1539/joh.14-0118-OA
https://doi.org/10.1111/jsr.12807
https://doi.org/10.1111/jsr.12807
https://doi.org/10.1177/1534484310380331
https://doi.org/10.5664/jcsm.26929
https://doi.org/10.1016/j.jvb.2018.08.002
https://doi.org/10.1016/j.jvb.2018.08.002
https://doi.org/10.1016/j.neubiorev.2014.08.001
https://doi.org/10.1016/j.neubiorev.2014.08.001
https://doi.org/10.1016/s0006-8993(00)03007-9
https://doi.org/10.1016/s0006-8993(00)03007-9
https://doi.org/10.1016/j.jad.2018.02.018
https://doi.org/10.1016/j.mehy.2008.05.035
https://doi.org/10.1016/j.mehy.2008.05.035
https://doi.org/10.1177/001872678603901104
https://doi.org/10.1177/001872678603901104
https://doi.org/10.1016/j.jvb.2020.103445
https://doi.org/10.1016/j.jvb.2020.103445
https://doi.org/10.1053/smrv.2001.0246
https://doi.org/10.1111/j.1365-2869.2010.00890.x
https://doi.org/10.1111/j.1365-2869.2010.00890.x
https://doi.org/10.1111/jsr.12136
https://doi.org/10.1111/jsr.12136
https://doi.org/10.1080/10705511.2013.824781
https://doi.org/10.1080/10705511.2013.824781
https://doi.org/10.1111/jsr.12904
https://doi.org/10.1037/A0027974
https://doi.org/10.1037/A0027974
https://doi.org/10.1002/jcop.20485
https://doi.org/10.5271/sjweh.3376


410	 Journal of Business and Psychology (2024) 39:393–410

1 3

Van Laethem, M., Beckers, D. G. J., Kompier, M. A. J., Kecklund, G., 
van den Bossche, S. N. J., & Geurts, S. A. E. (2015). Bidirectional 
relations between work-related stress, sleep quality and persevera-
tive cognition. Journal of Psychosomatic Research, 79(5), 391–
398. https://​doi.​org/​10.​1016/j.​jpsyc​hores.​2015.​08.​011

Van Laethem, M., Beckers, D. G. J., Geurts, S. A., Garefelt, J., 
Magnusson Hanson, L. L., & Leinweber, C. (2018). Perse-
verative cognition as an explanatory mechanism in the relation 
between job demands and sleep quality. International Journal 
of Behavioral Medicine, 25, 231–242. https://​doi.​org/​10.​1007/​
s12529-​017-​9683-y

van Wingerden, J., Bakker, A. B., & Derks, D. (2016). A test of a job 
demands-resources intervention. Journal of Managerial Psychol-
ogy, 31(3), 686–701. https://​doi.​org/​10.​1108/​JMP-​03-​2014-​0086

Viswesvaran, C., Sanchez, J. I., & Fisher, J. (1999). The role of social 
support in the process of work stress: A meta-analysis. Journal 
of Vocational Behavior, 54(2), 314–334. https://​doi.​org/​10.​1006/​
jvbe.​1998.​1661

Wallace, M. L., Buysse, D. J., Germain, A., Hall, M. H., & Iyengar, S. 
(2018a). Variable selection for skewed model-based clustering: 
Application to the identification of novel sleep phenotypes. Jour-
nal of the American Statistical Association, 113(521), 96–110. 
https://​doi.​org/​10.​1080/​01621​459.​2017.​13302​02

Wallace, M. L., Stone, K., Smagula, S. F., Hall, M. H., Simsek, B., 
Kado, D. M., Redline, S., Vo, T. N., & Buysse, D. J. (2018). 
Which sleep health characteristics predict all-cause mortality in 
older men? An application of flexible multivariable approaches. 
Sleep, 41(1), zsx189. https://​doi.​org/​10.​1093/​sleep/​zsx189

Wallace, M. L., Buysse, D. J., Redline, S., Stone, K. L., Ensrud, K., 
Leng, Y., Ancoli-Israel, S., & Hall, M. H. (2019). Multidimen-
sional sleep and mortality in older adults: A machine-learning 
comparison with other risk factors. The Journals of Gerontology: 
Series A, 74(12), 1903–1909. https://​doi.​org/​10.​1093/​gerona/​
glz044

Wallace, M. L., Yu, L., Buysse, D. J., Stone, K. L., Redline, S., 
Smagula, S. F., Stefanick, M. L., Kritz-Silverstein, D., & Hall, 

M. H. (2021). Multidimensional sleep health domains in older 
men and women: An actigraphy factor analysis. Sleep, 44(2), 
zsaa181. https://​doi.​org/​10.​1093/​sleep/​zsaa1​81

Watson, D., Clark, L. A., & Tellegen, A. (1988). Development and 
validation of brief measures of positive and negative affect: The 
PANAS scales. Journal of Personality and Social Psychology, 
54(6), 1063–1070. https://​doi.​org/​10.​1037//​0022-​3514.​54.6.​1063

Yildirim, A., & Boysan, M. (2017). Heterogeneity of sleep quality 
based on the Pittsburgh Sleep Quality Index in a community 
sample: A latent class analysis. Sleep and Biological Rhythms, 
15(1), 197–205. https://​doi.​org/​10.​1007/​s41105-​017-​0097-7

Yu, J., Mahendran, R., Abdullah, F. N. M., Kua, E.-H., & Feng, L. 
(2017). Self-reported sleep problems among the elderly: A latent 
class analysis. Psychiatry Research, 258, 415–420. https://​doi.​org/​
10.​1016/j.​psych​res.​2017.​08.​078

Zacher, H. (2015). Successful aging at work. Work, Aging and Retire-
ment, 1(91), 4–25. https://​doi.​org/​10.​1093/​worker/​wau006.

Zhai, L., Zhang, H., & Zhang, D. (2015). Sleep duration and depression 
among adults: A meta-analysis of prospective studies. Depres-
sion and Anxiety, 32(9), 664–670. https://​doi.​org/​10.​1002/​da.​
22386

Zhou, J., Jin, L.-R., Tao, M.-J., Peng, H., Ding, S.-S., & Yuan, H. 
(2019). The underlying characteristics of sleep behavior and its 
relationship to sleep-related cognitions: A latent class analysis 
of college students in Wuhu City, China. Psychology, Health & 
Medicine, 25(7), 887–897. https://​doi.​org/​10.​1080/​13548​506.​
2019.​16879​15

Publisher's Note  Springer Nature remains neutral with regard to 
jurisdictional claims in published maps and institutional affiliations.

Springer Nature or its licensor (e.g. a society or other partner) holds 
exclusive rights to this article under a publishing agreement with the 
author(s) or other rightsholder(s); author self-archiving of the accepted 
manuscript version of this article is solely governed by the terms of 
such publishing agreement and applicable law.

https://doi.org/10.1016/j.jpsychores.2015.08.011
https://doi.org/10.1007/s12529-017-9683-y
https://doi.org/10.1007/s12529-017-9683-y
https://doi.org/10.1108/JMP-03-2014-0086
https://doi.org/10.1006/jvbe.1998.1661
https://doi.org/10.1006/jvbe.1998.1661
https://doi.org/10.1080/01621459.2017.1330202
https://doi.org/10.1093/sleep/zsx189
https://doi.org/10.1093/gerona/glz044
https://doi.org/10.1093/gerona/glz044
https://doi.org/10.1093/sleep/zsaa181
https://doi.org/10.1037//0022-3514.54.6.1063
https://doi.org/10.1007/s41105-017-0097-7
https://doi.org/10.1016/j.psychres.2017.08.078
https://doi.org/10.1016/j.psychres.2017.08.078
https://doi.org/10.1093/worker/wau006
https://doi.org/10.1002/da.22386
https://doi.org/10.1002/da.22386
https://doi.org/10.1080/13548506.2019.1687915
https://doi.org/10.1080/13548506.2019.1687915

	Hard Work Makes It Hard to Sleep: Work Characteristics Link to Multidimensional Sleep Health Phenotypes
	Abstract
	Identifying Multidimensional Sleep Health Phenotypes in Working Adults
	Exploring the Connection Between Work Characteristics and Sleep Health Phenotypes
	Method
	Participants and Procedure
	Sample 1
	Sample 2

	Measures
	Sleep Health Dimensions
	Self-Rated Health Status
	Job Characteristics


	Results
	Analytic Approach
	Identifying Latent Classes of Sleep Health
	Characterizing the Three Sleep Health Classes Across the Two Samples

	Sociodemographic Characteristics
	Validity Support for the Sleep Health Classes Across the Two Samples

	Job Characteristics as Predictors of Sleep Health Classes

	Discussion
	Theoretical Contributions
	Describing Sleep Health Experiences of Working Adults
	Testing Job Characteristics Theories when Predicting Multidimensional Sleep Health Phenotypes

	Practical Implications
	Limitations and Future Directions

	Conclusion
	Acknowledgements 
	References


