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Abstract

Background—~Reports of subjective sleep quality are frequently collected in research and
clinical practice. It is unclear, however, how well polysomnographic measures of sleep correlate
with subjective reports of prior-night sleep quality in elderly men and women. Furthermore, the
relative importance of various polysomnographic, demographic and clinical characteristics in
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predicting subjective sleep quality is not known. We sought to determine the correlates of
subjective sleep quality in in older adults using more recently developed machine learning
algorithms that are suitable for selecting and ranking important variables.

Methods—Community-dwelling older men (n=1024) and women (n=459), a subset of those
participating in the Osteoporotic Fractures in Men study and the Study of Osteoporotic Fractures
study, respectively, completed a single night of at-home polysomnographic recording of sleep
followed by a set of morning questions concerning the prior night's sleep quality. Questionnaires
concerning demographics and psychological characteristics were also collected prior to the
overnight recording and entered into multivariable models. Two machine learning algorithms,
lasso penalized regression and random forests, determined variable selection and the ordering of
variable importance separately for men and women.

Results—Thirty-eight sleep, demographic and clinical correlates of sleep quality were
considered. Together, these multivariable models explained only 11-17% of the variance in
predicting subjective sleep quality. Objective sleep efficiency emerged as the strongest correlate of
subjective sleep quality across all models, and across both sexes. Greater total sleep time and sleep
stage transitions were also significant objective correlates of subjective sleep quality. The amount
of slow wave sleep obtained was not determined to be important.

Conclusions—Overall, the commonly obtained measures of polysomnographically-defined
sleep contributed little to subjective ratings of prior-night sleep quality. Though they explained
relatively little of the variance, sleep efficiency, total sleep time and sleep stage transitions were
among the most important objective correlates.

Keywords
Sleep quality; machine learning; polysomnography; aging; sex differences

Introduction

Although the issue of subjective “sleep quality” is frequently encountered in research and
treatment, the correlates that may contribute to these subjective estimates remain poorly
understood. Clinically, subjective sleep quality is fundamental to complaints of insomnia and
non-restorative sleep, two conditions associated with considerable morbidity and
impairment, and relevant to sleep health in general. Dissatisfaction with “sleep quantity or
quality” is a central feature of Insomnia Disorder in the DSM-5, and it is well known that a
number of individuals with insomnia will report poor sleep quality even when objectively-
measured sleep appears relatively normal [1, 2]. Subjective sleep quality is also central to
complaints of non-restorative sleep, which was included as a subtype of insomnia until
publication in the DSM-5. Research by Roth and colleagues has shown that complaints of
non-restorative sleep are stable and separable from those of difficulty initiating or
maintaining sleep, though still associated with comparable levels of functional impairment
[3]. In the general population, non-restorative sleep complaints are quite common [4] and
associated with a variety of physical and mental conditions [5].

Given the clinical significance of subjective sleep quality, understanding the biological and
psychological parameters that influence perceived sleep quality is important to inform
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interventions. In both young and older individuals, a variety of objective correlates of better
sleep quality have been posited, including increased duration of polysomnographically-
determined stage N2 [6-8] and N3 sleep [8-10], decreased N1 sleep [6, 10, 11], decreased
wakefulness at night [7, 9, 11], increased sleep efficiency [12], and fewer transitions from
sleep to wake [13]. It is important to note, however, that many of these studies are small and
limited to good-sleeping adults or to clinical populations such as those with insomnia. This
study improves upon prior work by examining sleep quality in a very large sample of
community-dwelling older adults who have both normal and disturbed sleep.

Previous research attempting to understand sleep quality is also limited by investigating only
a limited number of correlates in predictive models. As recognized by Buysse and
colleagues some 25 years earlier, sleep quality is likely to be a multifaceted construct that is
difficult to characterize by any single correlate [14]. Though there have been calls to
examine sleep quality using multivariable analyses with a wider range of predictors [15], no
studies have yet been completed. The present research takes an important step towards
clarifying subjective sleep quality by considering a large number of sleep, demographic and
clinical correlates together using recently developed analytical techniques for multivariable
analysis.

Mounting evidence suggests that estimates of subjective sleep quality must be interpreted in
light of age and sex differences. There are age-dependent changes in sleep that predispose
older individuals to poor objective sleep quality, including increased fragmentation and
wakefulness at night [16]. Moreover, multiple studies suggest that the prevalence of sleep
disorders—including insomnia, periodic limb movements, and sleep disordered breathing—
increase with age [17-20], though there may be some leveling off or improvement by the
seventh decade [21, 22]. Interestingly, although objective sleep deteriorates and rates of
sleep disturbances increase, some studies indicate that older individuals rate their sleep
quality similarly to or better than younger cohorts [14, 23]. It is therefore important to
understand the objective correlates of perceived sleep quality in older individuals. This
question must also be considered in light of sex differences in sleep quality reports. Women
report higher rates of insomnia [24] and non-restorative sleep [4] compared to men. Women
are also more likely to report worse subjective sleep parameters relative to objective sleep
parameters [25, 26]. Finally, sleep architecture itself appears to differ between men and
women, with men obtaining more light sleep and less slow wave sleep, a discrepancy that
widens with increasing age [27].

Subjective sleep quality may be assessed through a variety of means, often via retrospective
self-report inventories such as the Pittsburgh Sleep Quality Index [28] or via ordinal or
visual analog scales included on prospective sleep diaries [29]. The present research focused
on ordinal sleep diary ratings of two dimensions of subjective sleep quality from the prior
night: Sleep Depth (light to deep) and Sleep Restfulness (restless to restful). Research
suggests both dimensions are important. Akerstedt and colleagues reported that sleep
restfulness was strongly associated with subjective sleep quality [30] and, in a subsequent
factor analysis, that sleep restfulness and sleep quality loaded strongly onto the same factor.
[31] In validating a morning questionnaire assessing the prior night's sleep, Ellis and
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colleagues determined that sleep depth was also relevant.[32] Hence, Sleep Depth and Sleep
Restfulness were used as two non-exclusive measures of sleep quality.

The overall aim of this investigation was to determine the correlates of subjective sleep
quality in older men and women, as well as to evaluate the relative importance of each
correlate in predicting subjective sleep quality. Given the large number of potential variables
that may explain subjective sleep quality, we used modern machine learning methods to
determine which variables were important in predicting subjective sleep quality, as well as
the ordering of this importance, using statistical techniques designed to reduce bias. We
focused our analyses on a sample of community-dwelling older adults, and we ran all
analyses separately and in parallel between men and women as we expected sex differences
to emerge.

Study Population

Male participants in these analyses were enrolled in the Osteoporotic Fractures in Men
Study (MrOS). At baseline, a total of 5994 men aged 65 or older were recruited between
2000 and 2002 from six areas of the United States: Birmingham, Alabama; Minneapolis,
Minnesota; Palo Alto, California; Pittsburgh, Pennsylvania; Portland, Oregon; and San
Diego, California. Assessment of sleep occurred at two separate time points. These analyses
used data collected at the Sleep Visit 2, which took place from 2009 through 2012. A total of
1055 men participated across all six sites, of whom 1026 (97%) had polysomnographic data
available and were included in final analyses.

Female participants in these analyses were enrolled in the Study of Osteoporotic Fractures
(SOF). At baseline, a total of 9704 Caucasian women aged 65 or older were recruited
between 1986 and 1988 from four areas of the United States: Baltimore, Maryland;
Minneapolis, Minnesota; Pittsburgh, Pennsylvania; and Portland, Oregon. A cohort of 662
elderly African American women with similar baseline characteristics was recruited between
1997 and 1998. Assessment of sleep occurred at the eighth visit in the Caucasian cohort,
which took place from 2002 through 2004. A total of 494 women (both Caucasian and
African American) underwent polysomnographic monitoring at the Minneapolis and
Pittsburgh sites, of whom 461 (93%) had usable polysomnographic data and were included
in final analyses.

Both the MrOS and SOF protocols were approved by institutional review boards at all
participating sites. All participants provided written informed consent. Study protocols
adhered to the principles described in the Declaration of Helsinki. Complete descriptions of
the MrOS [33, 34] and SOF [35] cohorts have already been published.

Polysomnographic Monitoring

Sleep studies were completed in-home and unattended using polysomnography (PSG; Siesta
unit in SOF, Safiro unit in MrOS; Compumedics, Inc., Melbourne, Australia). Recording
montages between the two studies were identical and included C3/A2 and C4/Al
electroencephalograms (EEG), bilateral electrooculograms (EOG), and a chin
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electromyogram (EMG) to gauge sleep; thoracic and abdominal respiratory inductance
plethysmography to determine respiratory effort; nasal-oral thermocouple and nasal pressure
cannula to detect airflow; finger pulse oximetry; electrocardiogram; and bilateral anterior
tibialis piezoelectric sensors to determine leg movements. Variables of interest included
those that would be traditionally derived from an overnight sleep study: polysomnography-
determined total sleep time, wake after sleep onset, sleep efficiency (total sleep time divided
by total time in bed), percentage of time spent in each sleep stage (with NREM Stage 3 and
Stage 4 collapsed), latency to REM sleep, the number of sleep to wake shifts per hour, the
number of deep (Stages 3 and 4) to lighter (Stages 1 and 2) stage shifts per hour, lights off
and lights on time. Apnea-hypopnea index, defined as the number of respiratory events with
oxygen desaturation = 4% per hour, was also determined. Periodic limb movements and
PSG-determined sleep onset latency were not included in either cohort due to measure
unreliability and missing data (>20%), respectively, in MrOS. All PSG data were scored by
the Central Sleep Reading Center (Case Western Reserve University; Cleveland OH) by
trained polysomnologists. Data were scored in 30-second epochs according to standard
criteria [36-38].

Sleep Quality Ratings

All participants completed a standard sleep diary on the morning following their
polysomnographic monitoring. This diary asked participants to rate the quality of their prior
night's sleep using 5-point Likert-type scales, with higher scores indicating higher quality,
along two dimensions: “Sleep Depth” (Light to Deep) and “Sleep Restfulness” (Restless to
Restful). These sleep quality ratings have been used in prior research [13].

Self-reported Sleep Variables

Self-reported global sleep quality in the past month was assessed using the Pittsburgh Sleep
Quality Index (PSQI) [28], with scores considered both continuously and dichotomously
with PSQI scores greater than 5 indicating poor sleep quality. The PSQI was included to
relativize the prior-night's sleep quality ratings to the individual's previous month of sleep
quality. Daytime sleepiness was assessed using the Epworth Sleepiness Scale [39], with
subjects dichotomized into those with scores greater than 10 indicating excessive daytime
sleepiness, and those with scores 10 or lower indicating absence of daytime sleepiness.
Participants were also asked to report in hours their habitual sleep duration over the previous
month.

Demographic and Clinical Variables

We chose to include variables related to demographics and health (physical, cognitive,
mental), selecting variables that are commonly investigated in these and similar cohorts. At
the baseline visit, all participants reported level of education attained (grouped as <12 years,
12-16 years, >16 years). At the sleep visit, depression and anxiety were measured with the
Geriatric Depression Scale [40] and the Goldberg Anxiety Scale [41] respectively.
Additional information collected at the sleep visit and considered in subsequent models
included history of diabetes, stroke, or heart disease; caffeine use (in milligrams per day);
alcohol use (in drinks per week); smoking status (current, former, never); self-reported
ratings of health on a 1-5 Likert-type scale (excellent to very poor, with poor and very poor
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collapsed to improve variable distribution); and body mass index and waist circumference
(in centimeters). Medication use was assessed by having participants bring to their sleep
visit all prescription and non-prescription medications used within the prior 30 days. All
medications were entered into an electronic database, verified by pill bottle examination, and
each medication was matched to its ingredient(s) based on the lowa Drug Information
Service (IDIS) Drug Vocabulary (College of Pharmacy, University of lowa, lowa City, 1A)
[42]. The present analyses considered three medication categories as correlates:
benzodiazepines, antidepressants, and “any reported medication taken for sleep” (which may
overlap with the former two categories). All participants also completed a mental status
exam at the time of the sleep visit; men completed the Teng Modified Mini Mental State
Exam [43] and women completed the Mini Mental State Exam [44]. Several additional
variables were available in each cohort separately. Men reported on socioeconomic status
relative to their community (1-10 ladder). Women reported whether they lived alone (yes,
no).

Data Analytic Strategy

Table 1 lists all variables included in multivariable analyses. These variables were selected
on the basis of previous empirical work examining sleep and sleep quality in these and
similar cohorts [13, 45, 46].

Potential predictor variables with greater than 10 percent missing data were excluded from
analyses under the assumption that such variables may not be missing at random and
imputation may introduce bias [48]. Individuals missing all outcome sleep quality variables
(2 in MrOS, 2 in SOF) were excluded from analyses, leaving 1024 men and 459 women. All
remaining missing data were imputed using the Expectation Maximization algorithm
embedded in version 1.7.3 of the “Amelia I1” package in R [49]. There were no missing data
for total sleep time, sleep efficiency, wake after sleep onset, sleep-wake shifts, apnea-
hypopnea index, bed time, wake time, medication use, race, or education for either cohort.
All remaining variables had fewer than 3% missing data, with the exception of smoking
status, which was missing in 8% of women.

Given that traditional stepwise regression methods may overfit training data and perform
poorly in predicting new data [50, 51], we used two machine learning methods designed to
improve upon stepwise regression in selecting and ordering the importance of variables:
least absolute shrinkage and selection operator (lasso) penalized regressions [52] and
random forests [53].

We used the lasso penalized regression to determine variable selection and importance [52].
Lasso penalized regression is a multivariable regression method useful for predicting an
outcome in the presence of a sizeable number of variables. Unlike ordinary least squares
regression, lasso regression penalizes models that have many large coefficients under the
assumption that such models are likely to be overfit. Lasso regression is useful for handling
correlated predictor variables and for performing variable selection as the penalty imposed
shrinks some variable coefficients to zero. In lasso penalized regression, the size of the
penalty coefficient (A) is chosen to minimize model predictive error using ten-fold cross-
validation. This optimal A is subsequently used to perform variable selection by shrinking
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all coefficients (some to zero). To make the model more robust to randomness in the cross-
validation procedure, and following recommendations from the package authors [50], we
used the stringent one standard error from the lambda minimum as the penalty in all lasso
models. To estimate a ranking of variable importance, the maximal value of lambda at which
the variable first entered the model was determined. Separate lasso regression models were
evaluated for each of our measures of sleep quality (Sleep Depth and Restfulness) in both
men and women. All lasso models were calculated using version 1.9-8 of the “glmnet”
package in R [54].

To evaluate whether variables selected by the lasso had statistically significant effect sizes,
along with the ordering of these selected variables, we ran an ordinary least squares
regression on variables initially selected via the lasso. We randomly split half of the data into
a training set and used the remaining half as a test set. We ran the lasso regression on the
training set and included all nonzero variables determined by the lasso as ordinary least
squares predictors in our test set. This analysis was not completed for women given their
reduced sample size. To address multiple comparisons within these ordinary least squares
regressions, we used the Benjamini & Hochberg [47] method to control the false discovery
rate. All pvalues reported are two-tailed.

We also used a second nonparametric machine learning method, random forests, to rank the
importance of correlates by explanatory relevance [53]. A random forest model is a
regression-based procedure averaging across a series of traditional decision trees (in the
present sample, 2000) and using a subset of variables (in the present sample, 13) to grow an
individual tree, which has the effect of reducing variance associated with any individual tree
and reducing correlations between the trees [53]. Random forests rank the importance of all
correlates by increases in mean standard errors when a given variable omitted from the
model. The relative importance of each variable is derived by scaling the most important
correlate to one; we examined all correlates with importance scores > 0.10 relative to the
most important correlate. Separate random forest models were evaluated for each of our
measures of sleep quality (Sleep Depth and Restfulness). In addition, partial plots of random
forest models, showing the impact of a given correlate on sleep quality while simultaneously
accounting for all other variables in the model, were computed. All random forest models
were calculated using the “randomForestSRC™ package version 1.6.1 in R [55].

The two measures of sleep quality (Sleep Depth and Restfulness) were treated as continuous
in regression modeling for several key reasons. First, nonparametric random forest models
are robust to violations of non-normality, making them a suitable fit for modeling ordinal
data. Second, lasso penalized regressions were used for variable selection and not to derive
model-specific coefficients, yielding them less sensitive to violations of non-normality.
However, we cross-checked all lasso variable selection results against those from a package
specifically designed for ordinal response modeling (“lassocr” version 1.0.2.), with all
variable selection results confirmed by this second package.
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Results

Demographic Characteristics and Sleep Quality Ratings

Table 1 presents baseline demographic, clinical and sleep characteristics of our sample.
Considering ratings of sleep quality, women reported significantly higher ratings compared
to men on Sleep Depth (3.5 + 1.5vs. 3.1 + 1.1, W=187375, p < 0.001, Wilcoxon Rank Sum
Test), and Restfulness (3.7 + 1.4 vs. 3.2 £ 1.2, W=180749.5, p < 0.001, Wilcoxon). A
histogram of Sleep Depth and Sleep Restfulness for men and women is displayed in Figure
1.

Lasso models

Table 2 lists all non-zero predictor variables returned in lasso models, ranked by order of
entry, for Sleep Depth and Restfulness in men and women. Higher sleep efficiency, greater
total sleep time, study site and global PSQI score emerged as some of the strongest
predictors of sleep quality in both men and women. Sleep stage transitions (both sleep to
wake and deep to light sleep) were also important to the models. WASO was not selected in
any lasso model, likely due to its very high correlation with sleep efficiency (r = —0.88,
Pearson). Indeed, when sleep efficiency was removed from lasso models, WASO was
selected and emerged as the most important variable in lasso models (results not shown). R2
estimates from lasso models predicting Sleep Depth and Restfulness accounted for only
11-17% of the variance in men and 12-15% of the variance in women.

Ordinary least squares models

After separating MrOS data into training and test sets, we determined non-zero coefficients
from an initial lasso training model and entered these into an OLS regression using the test
set. This methodological step is recommended to reduce bias and generate accurate p values
[50]. Table 3 lists p values associated with beta coefficients in this model. Adjusted R 2
estimates suggested OLS models accounted for 15-16% of the variance, consistent with the
R2 estimates of lasso and random forest models. We also evaluated higher-order polynomials
(quadratic, cubic) in the regression analysis but did not find these to improve model fit.

Random forest models

Figure 2 displays the relative contribution of all correlates with relative importance scores of
10% or greater as determined by random forest models. Higher sleep efficiency, greater total
sleep time, study site and higher global PSQI scores again emerged as strong correlates in
both men and women. Unlike the lasso, a sparse methodology that excludes highly
correlated variables, random forests include correlated variables and, as such, WASO was
here a strong correlate in all random forest models for men and women. Higher out-of-bag
R2 estimates from random forest models predicting Sleep Depth and Restfulness accounted
for only 13-15% of the variance in men and 12-15% of the variance in women.

In addition to describing the relative importance of the predictor variables, random forest
models can also be used to examine the relationship between an individual predictor variable
and the outcome measure while allowing all other variables to simultaneously enter the
model (partial dependence plot, Figure 3). For nearly all continuous predictor variables,
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there was a linear relationship between predictor and outcome, coupled with a relative
plateau at the lower and upper ranges of the predictor variable (/.e., a sigmoidal
relationship). The one exception to this was an inverted U-shaped relationship between
habitual sleep duration and Restfulness in women, where both long and short habitual sleep
durations were associated with reduced sleep quality reports. Categorical variables in
random forest models were also explored. Plots of study site revealed Birmingham was
associated with worse sleep quality relative to other sites. The relationship between Sleep
Restfulness and education in women was a stepwise decline, with higher education
associated with less Restfulness.

PSQI, added as a measure of global dissatisfaction with sleep during the past month (/.e., the
historical context of sleep), made a small contribution to each of the random forest models.
Given that the PSQI was also returned as a prominent correlate in lasso models, we
examined the interaction between PSQI and sleep efficiency in predicting Sleep Restfulness
using partial dependence surface plots. In men (Figure 4, top), there was an interaction such
that low PSQI scores and low sleep efficiency resulted in slightly better Restfulness than
those with high PSQI scores (/.e., those with past-month reports of poor sleep) and low sleep
efficiency. The primary relationship between sleep efficiency and Restfulness, however, was
independent of PSQI at elevated sleep efficiencies. In women (Figure 4, bottom), however,
those with low sleep efficiency had low Restfulness regardless of PSQI. Those women with
higher sleep efficiency had higher Restfulness when they had lower PSQI scores.

Correlate exploration

To better understand the contribution of sleep efficiency and site, two of the strongest
correlates that emerged across models and outcomes, we ran an additional set of exploratory
analyses and lasso penalized regressions in men. We did not run parallel analyses for women
given the reduced sample size.

To explore sleep efficiency, we stratified our data into high, medium and low sleep efficiency
groups and reran lasso regression models predicting sleep quality in each sleep efficiency
group. For those with low sleep efficiency (<70.2%), sleep efficiency remained a correlate in
the lasso model, along with total sleep time, age, PSQI, and mental status. Thus, despite
capping its variance by stratifying, sleep efficiency was still a relevant predictor for this
subset, and this suggests that even small differences in sleep efficiency can explain variation
in sleep quality. For those with moderate sleep efficiency (70.2%-81.4%), study site and
PSQI were the only correlates of sleep quality in this group, consistent with previous models
(presented above) that these two variables are of high importance. At high sleep efficiency
(>81.4%), no non-zero variables were returned, suggesting that sleep efficiency alone was a
sufficient correlate of sleep quality. In other words, if sleep efficiency is above a certain
threshold, no observed variation in the other variables can reliably predict even a small
change in sleep quality.

To explore site, a Kruskal-Wallis test revealed significant differences in sleep quality across
site (X2 = 60.7, p<0.0001), with Wilcoxon follow-up tests indicating individuals in
Birmingham endorsed lower ratings on each of the two sleep quality measures (p<0.001 for
all), and individuals in Palo Alto endorsing higher ratings of Sleep Depth relative to
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Birmingham, Minneapolis and Portland (p<0.05). To further explore the characteristics that
might vary by site, we ran an additional lasso penalized regression with site as the response
variable (using a “multinomial” distribution to reflect the categorical response) and all other
variables listed in Table 1 as predictor variables. As determined by the non-zero coefficients
returned, along with their direction, sleep quality at the Birmingham site appeared most
strongly related to increased N1%, decreased N3%, earlier bedtimes, less alcohol
consumption and including a greater number of African Americans. Sleep quality in Palo
Alto was most strongly related to older age, more Asians and those of Hispanic origin,
greater college education, fewer ratings of poor health, more alcohol consumption and
smaller waist circumferences.

Discussion

We sought to determine the objective correlates of subjective sleep quality in older men and
women using machine learning methods. Perhaps the most notable finding to emerge from
this investigation was precisely how little the metrics traditionally derived from PSG
contribute to an individual's perception of the quality of their previous night of sleep.
Though we chose our variables in keeping with prior research, it may be the case that other
metrics derivable from PSG—for example, variables extracted from non-REM power
spectral analysis or the cyclic alternating pattern of non-REM sleep [15]—may yield more
sensitive correlates of subjective sleep quality accounting for more variance.

Of the correlates examined, PSG-derived sleep efficiency explained the most variance in
prior night sleep quality. Sleep efficiency was among the top variables in all models, across
both dimensions of sleep quality (Sleep Depth and Restfulness), and across both sexes.
Indeed, when sleep efficiencies surpassed approximately 80%, none of the 37 other variables
in our lasso penalized regression model were deemed important. Consistent with sleep
efficiency as the sole explanatory variable at efficiencies above 80%, random forest partial
dependence plots revealed that sleep quality ratings improved only modestly as sleep
efficiencies surpassed this 80% range. Though sleep efficiency was clearly superior, our
machine learning algorithms also determined sleep stage transitions, total sleep time, PSQI
scores, and study site were most informative in explaining subjective sleep quality ratings.

Our findings are consistent with some previous accounts and discrepant with others.
Consistent with our finding on sleep efficiency, Akerstedt and colleagues reported that PSG-
determined sleep efficiency was among the best correlates of sleep quality in a young adult
sample followed over a series of irregular nights (N=8) [12] and in an adult sample
examined on a single night (N=37) [31]. Laffan and colleagues [13] highlighted the
importance of sleep to wake transitions in the Sleep Heart Health Study, a middle-aged and
older community-based U.S. cohort (N=5,684), using sleep quality ratings that were
identical to the ones included here. We also found that sleep to wake transitions were
important in our elderly cohort, which, together with our sleep efficiency findings, highlights
the importance of sleep and wake continuity during the sleep period in self-reports of sleep
quality. However, some important discrepancies between our findings and those of previous
researchers merit mention. Overall, sleep staging variables were a weak correlate of
subjective sleep quality. In women only, we observed some evidence that increased N1 was
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related to poorer sleep quality and, to a lesser extent, increased N2 related to greater sleep
quality. Although prior research supports a relationship between slow wave sleep and
subjective sleep quality [8-10], we did not observe this association here. One might
speculate that the reduced quantity of N3 in an elderly sample may have attenuated this
finding. However, women in our sample spent 20% of the night in N3 sleep, which would
likely be sufficient for such an N3-sleep quality relationship to emerge. It has, however, been
proposed that slow wave sleep may vary in its association with cognition in older as
compared to younger populations; slow wave sleep may also be a weaker correlate of sleep
quality in older compared to younger individuals [56].

Given that women experience higher rates of insomnia [24] and that women are more likely
to report worse subjective sleep estimates relative to objective findings [25, 26], we expected
that women would rate their sleep quality less favorably overall. This was not the case.
Women endorsed higher ratings on both measures of subjective sleep quality compared to
men. Interestingly, women also reported significantly higher PSQI scores indicating poorer
global sleep quality. As illustrated in Figure 3, the interplay between these variables
indicates that women endorse comparable ratings of sleep quality even as PSQI scores are
higher and sleep efficiency scores are lower relative to men, suggesting the interpretation of
sleep quality differs between the sexes. Since the study's outcomes were designed to
characterize the prior night's sleep during monitoring, these findings suggest that subjective
assessment of sleep quality over a single night of monitoring differs from global indices of
sleep quality over the prior month. It is possible that women, who generally seek more
healthcare than men, may also perceive monitoring to be less intrusive than do men. It is
important to note that that the male and female data used here were taken from separate
cohorts, from multiple geographic locations across the United States, and with enroliment
commencing seven years part. It is possible that sex differences may be explained in part or
in full by these factors. Future research should continue to include sex as a moderator or
examine the sexes in parallel as was done here. Future research should also further examine
acute as compared to chronic sleep perceptions.

Our study, in the context of these previous studies, also brings up an important concept: any
investigation of subjective sleep quality is necessarily dependent on the measure used to
assess it. The two subjective measures we captured in these data (depth, restfulness) are two
of a myriad of psychological aspects that a person might define as “quality,” and there may
be other measures of subjective sleep quality that would better correspond to our measures
of objective sleep [57]. For example, the Consensus Sleep Diary [58], which was published
after these data were collected, recommends rating the “quality of your sleep” on a 5-point
scale ranging from “very poor” to “very good.” We did not have this question available for
analysis. Instead, we can conclude that these two particular questions, presented in the
manner in which they were, very poorly reflect objective metrics derived from standard
sleep variables on a single night of study. These two questions, however, were related to an
overlapping set of variables, and sleep efficiency was a main contributor in all of the models.
This confluence of the models onto a single objective measure (PSG-determined sleep
efficiency) implies that it is unlikely that a different subjective measure would be related to
variables very different from the ones we observed here. We note that there may not be an
“average” when it comes to ratings of prior-night sleep quality, and little understanding of
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how these ratings may change with age, though this is an important area for future research.
It is also worth noting that these subjective measures concern psychological aspects of sleep
and do not necessarily represent any of the biological functions of sleep. That someone
reports having a “good” night of sleep does not necessitate that the sleep sufficiently meets
all of its biological functions. Indeed, the weak relationship between polysomnography
summary characteristics and subjective sleep quality reports here might suggest that the
biological recovery processes in sleep do not reflect the subjective phenomenology of sleep
quality. There may be additional features across multiple domains of analysis worth
considering: subjective processes (e.g., expectations about sleep quality); biological
processes (e.g., terminal sleep stage prior to awakening; regional brain metabolism); or sleep
inertia severity (e.g., decrements in objective performance).

There are several reasons why site may have emerged as a prominent correlate in our
multivariable models. Individuals in Birmingham reported poorer sleep quality than at all
other sites, and this reduction in sleep quality was not attributable to race, socioeconomic or
health variables alone. It is possible that variation in sleep quality across sites reflects a
composite of correlates and that sleep quality in Birmingham or Palo Alto had a different
relationship to various correlates than sleep quality in other sites. For example, individuals in
Birmingham went to bed earlier, drank less, more were African-American, and had more
light stage sleep, and it may be shared variance between these correlates influences sleep
quality via a unique combination not present in subjects at other sites. Alternatively, though
procedures were standardized across study sites, we are unable to discount the possibility
that protocol variation in polysomnography or subjective data collection may have
influenced differences across sites.

Several limitations and strengths of the present research merit mention. Our focus was on
elderly men and women and generalizability of these results to other age groups is uncertain.
Though we included sleep, medication use, medical history, and health variables in our
models, it is likely that additional variables with explanatory relevance may have been
omitted from the present models. For example, quantitative EEG was not available at these
study visits, but this remains an important area for future exploration. We also were unable
to examine the impact of sleep onset latency or limb movement in relation to sleep quality
given unreliability of these measures in the present sample. Our study also has three
considerable strengths over previous investigations. First, we use machine learning
techniques that reduce bias and prediction error relative to traditional methods (e.g. stepwise
variable selection). Second, rather than focusing on a limited set of correlates, we considered
a wide range of demographic, clinical and sleep variables together to explore the importance
of each correlate, along with the associations between correlates of various types. Finally,
we use a large sample of elderly men and women who underwent polysomnography and
completed next-morning sleep quality ratings in our investigation. This is the largest
investigation of sleep quality using these newly-developed analytical techniques.

Conclusions

Our analyses determined that objective sleep efficiency was the most prominent correlate of
subjective sleep quality in older men and women. Total sleep time, sleep stage transitions,

Biol Psychol. Author manuscript; available in PMC 2018 February 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Kaplan et al.

Page 13

PSQI, and study site were also important predictors of sleep quality. Improving upon
previous work, we used machine learning algorithms to model multiple sleep, demographic
and clinical correlates together. However, the thirty-eight variables examined still explained
little of the overall variance in subjective sleep quality. Sleep quality remains elusive, and it
will be the important task of future research to consider novel correlates to better understand
it.
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Highlights

. We explored correlates of subjective sleep quality using machine learning
techniques

. Data from a large cohort of older, community-dwelling adults were examined

. Polysomnography, clinical, and demographic measures did not explain sleep
quality well

. Sleep efficiency was the most important of the objective correlates of sleep
quality
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Figure 1.
Histograms of sleep quality outcome variables in men (top) and women (bottom)
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Top predictors of sleep quality by random forest models. See text for details on each
measure. Education, level of education; HST, habitual sleep time; S1%, percent of sleep
spent in NREM stage 1; S3->S2/S1, number of transitions between stage 3 and either stage 2
or 1 of NREM; PSQI, Pittsburgh Sleep Quality Index; RDI, Respiratory Disturbance Index;
SE, sleep efficiency; Site, city of data collection; SW Shift, number of transitions between
sleep and wake; TST, total sleep time; WASO, wake after sleep onset
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Partial dependence plots of sleep efficiency predicting sleep depth and sleep restfulness in
men and women.
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Figure 4.

Partial dependence surface plot of sleep efficiency and Pittsburgh Sleep Quality Index

predicting sleep restfulness in men (top) and women (bottom)
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Demographic, clinical and sleep variables considered in machine learning models.

Table 1

Variable Men (n =1024) | Women (n = 459)
Age, M =SD 81.1+4.6 829+33
Race, No. (%)a
White 892 (87.1) 421 (91.7)
African American 40 (3.9) 38 (8.3)
Asian 48 (4.7) 0
Hispanic 28 (2.7) 0
Other 16 (1.6) 0
Education, No. (%)a
<12 years 173 (16.9) 321 (69.9)
12-16 years 417 (40.7) 104 (22.7)
> 16 years 434 (42.4) 34 (7.4)
Health, No. (%)
Excellent 324 (31.7) 100 (21.8)
Good 540 (52.8) 253 (55.1)
Fair 142 (13.9) 96 (20.9)
Poor — Very Poor 18 (1.8) 10 (2.2)
Geriatric Depression Scale, M + SD 18+22 24+27
Goldberg Anxiety Scale, M + SD 0.74+£16 16+24
Pittsburg Sleep Quality Index, M + SD 55+3.1 6.7+ 3.8
Epworth Sleepiness Scale, M + SD 7.0+£3.9 58+3.7
Habitual Sleep Duration (hours), M + SD 72+12 69+14
Body Mass Index, M + SD 26.9+3.8 27.7+46
Waist Circumference (cm), M + SD 101+12.3 885+ 125
Poor Sleep Quality, No. (%) 445 (44.0) 259 (56.4)
Antidepressant Use, No. (%) 108 (10.5) 51 (11.1)
Benzodiazepine Use, No. (%) 39(3.8) 37 (8.8)
Sleep Medication Use, No. (%) 142 (13.9) 81 (17.6)
Drinks Per Week, M + SD 18+17 1.0+29
Caffeine Per Day (mg), M = SD 246 £ 247 154 + 155
Smoking Status, No. (%)
Current 13(1.3) 4(0.0)
Former 526 (51.4) 143 (34.0)
Never 484 (47.3) 274 (65.1)
Cerebrovascular History, No. (%) 135 (13.2) 64 (13.9)
Cardiovascular History, No. (%) 319 (31.4) 149 (32.5)
Diabetes, No. (%) 167 (16.3) 62 (13.5)
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Variable Men (n =1024) | Women (n = 459)
Mini-Mental State Exam - 28316
Modified Mini-Mental State Exam 925+6.3 --
Socioeconomic ladder (1-10), M + sp?? 72+16 -
Currently living alone, No. (%) - 282 (61.4)
Apnea-Hypopnea Index, M + SD 12.7+14.3 100+ 124
Total Sleep Time, M = SD 342 £78.2 347+£77.1
Wake After Sleep Onset, M + SD 123 +69.3 98.6 + 66.5
Sleep Efficiency, M £ SD 73.9+13.2 74.3+13.2
Stage 1 Percent, M = SD 12.4+8.9 53+338
Stage 2 Percent, M + SD 61.6 +10.7 55.4+12.3
Stage 3/4 Percent, M + SD 6.7+7.0 20.8+125
REM Percent, M + SD 193+7.1 185+7.2
REM Latency, M + SD 94.0 +69.5 111 +82.6
Sleep to Wake Shifts per hour, M + SD 6.1+34 3820
Deep to Light Stage Shifts per hour, M+SD | 1.7+ 1.4 3.7+23
Lights Off Time 22:28 +1:07 22:48 +1:06
Lights On Time 6:20 + 1:09 6:41 £ 1:07
Study Site - --

Note:

a\/ariables assessed at baseline visit.
b, . . .
Socioeconomic status available for men only.

c . . .
Living alone status available for women only.
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Top predictors of sleep quality by lasso regression in men and women.

Table 2

Sleep Depth (Light — Deep)

Sleep Restfulness (Restless — Restful)

Men | Women Men Women
SE SE SE SE

TST Sleep to Wake Shifts | Site Site

Site PSQI TST Education
PSQI | Site Deep to Light Stage Shifts | GAS

PSQI

Sleep to Wake Shifts

Age

Page 24

Variables are listed in descending order of importance. Abbrev.: GAS, Goldberg Anxiety Scale; PSQI, Pittsburgh Sleep Quality Index; SE, sleep

efficiency; TST, total sleep time.
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Table 3

Top predictors of sleep quality by ordinary least squares regression in men.

Sleep Depth (Light — Deep) | Sleep Restfulness (Restless — Restful)

Men pvalue | Men p value
SE <0.001 | PSQI <0.01
PSQI <0.05 SE <0.01
Site: Birmingham | <0.05 Site: Palo Alto <0.05
Site: Palo Alto <0.05

Variables entered into above models reflect non-zero coefficients derived from a Lasso training model. Variables are displayed in descending order
of standardized coefficients. Only variables with significant p values (determined via false discovery rate) are displayed. PSQI, Pittsburgh Sleep
Quality Index; SE, sleep efficiency; TST, total sleep time.
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