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Abstract

Background: Sleep characteristics related to duration, timing, continuity, and sleepiness are associated with mortality in older adults, but 

rarely considered in health recommendations. We applied machine learning to: (i) establish the predictive ability of a multidimensional self-

reported sleep domain for all-cause and cardiovascular mortality in older adults relative to other established risk factors and (ii) to identify 

which sleep characteristics are most predictive.

Methods: The analytic sample includes N  = 8,668 older adults (54% female) aged 65–99 years with self-reported sleep characterization 

and longitudinal follow-up (≤15.5 years), aggregated from three epidemiological cohorts. We used variable importance (VIMP) metrics from 

a random survival forest to rank the predictive abilities of 47 measures and domains to which they belong. VIMPs > 0 indicate predictive 

variables/domains.

Results: Multidimensional sleep was a signi�cant predictor of all-cause (VIMP [99.9% con�dence interval {CI}] = 0.94 [0.60, 1.29]) and 

cardiovascular (1.98 [1.31, 2.64]) mortality. For all-cause mortality, it ranked below that of the sociodemographic (3.94 [3.02, 4.87]), physical 

health (3.79 [3.01, 4.57]), and medication (1.33 [0.94, 1.73]) domains but above that of the health behaviors domain (0.22 [0.06, 0.38]). The 

domains were ranked similarly for cardiovascular mortality. The most predictive individual sleep characteristics across outcomes were time in 

bed, hours spent napping, and wake-up time.

Conclusion: Multidimensional sleep is an important predictor of mortality that should be considered among other more routinely used 

predictors. Future research should develop tools for measuring multidimensional sleep—especially those incorporating time in bed, napping, 

and timing—and test mechanistic pathways through which these characteristics relate to mortality.
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Sleep characteristics are associated with mortality in older adults. 

For example, long and short sleep duration (1,2), increased daytime 

sleepiness (3,4), misaligned sleep timing (5), and poor continuity 

(3,6) are each associated with increased mortality risk in this popu-

lation. Nevertheless, sleep is not typically considered in high-pro�le 

recommendations for measuring health (7), possibly because these 

individual sleep characteristics sometimes show weaker associations 

with mortality relative to other established risk factors (1,8,9).

A limitation of many studies of sleep and mortality is that they 

examine the importance of each individual sleep characteristic 
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separately. But the clinical reality is that sleep is multidimensional, 

with characteristics representing duration, timing, continuity, and 

sleepiness existing concurrently as well as in the presence (or ab-

sence) of sleep disorders and medications (10). Considering sleep as 

a single multidimensional construct, rather than a series of separate 

characteristics, could provide a more comprehensive understanding 

of its predictive ability and enhance recommendations for measuring 

public health (8,10).

To date, efforts to quantify “multidimensional sleep” primarily 

have been limited to counting the number of adverse sleep character-

istics (6,8,11). However, a count is not likely an accurate represen-

tation of the relationship of multiple aspects of sleep to health (8), 

as sleep characteristics may interact with one another and contribute 

different weights in relation to speci�c health outcomes. Moreover, 

sleep–health associations need to be considered in the context of 

nonsleep predictors and confounders, including sociodemographic 

factors (12), physical and mental health (12–16), health behaviors 

(12,17), and medication use (12,18,19).

The aims of this study are to: (i) determine the predictive abil-

ities of multidimensional self-reported sleep for mortality relative to 

other established self-reported risk factors and (ii) to identify which 

self-reported sleep characteristics are most predictive. These aims call 

for �exible methods that empirically organize numerous interrelated 

predictors and a sample big enough to support such methodology. 

Therefore, we compiled a large (N = 8,668) multicohort sample of 

black and white older adults aged 65–99 years (mean = 78.7, me-

dian = 80) with self-reported sleep characteristics and nonsleep risk 

factors captured during an initial assessment, followed for ≤ 15 years 

for mortality. We applied random survival forest machine learning 

to quantify and rank the predictive abilities of each risk-factor and 

prespeci�ed “domains” to which they belong (20).

Methods

Sample

Our analytic sample consists of 8,668 older adults aged ≥65 years, 

aggregated from three epidemiological cohorts: the Sleep Heart 

Health Study (SHHS) (21), Study of Osteoporotic Fractures (SOF) 

(22,23), and Outcomes of Sleep Disorders in Older Men Study 

(MrOS Sleep; http://mrosdata.sfcc-cpmc.net) (24,25). All partici-

pants had complete self-reported sleep characteristics, longitudinal 

follow-up, and provided written informed consent to participate 

in longitudinal sleep studies. There were less than 5% missing data 

for each nonsleep predictor; Ns of measures with missing data are 

provided in Table 1. To reduce cohort-related confounding, we in-

cluded only participants who reported black or white race, excluding 

N = 247 of the available sample. Further cohort details are provided 

in the Supplementary Figure and Text.

Predictors

Predictors were grouped into six domains: Sleep, Sociodemographic 

Factors, Health Behaviors, Mental Health, Medications, and Physical 

Health. We included predictors that had previously been associ-

ated with mortality, were clinically meaningful, and which could be 

harmonized across cohorts. Harmonization details are provided in 

Supplementary Tables S1 and S2.

Sleep

Self-reported habitual sleep characteristics

We considered Total Sleep Time (usual total hours of reported sleep-

ing), Bed Time (Time an individual usually goes to bed at night), 

Wake-up Time (Time an individual usually wakes up in the morn-

ing), Time in Bed (time elapsed between Bed and Wake-up), Sleep 

Ef�ciency (Total Sleep Time/Time in Bed × 100), Sleep Latency 

(Usual time reported to fall asleep), Napping (number of hours nap-

ping per week), and the Epworth Sleepiness Scale (26). In cohort-

speci�c MrOS and SOF analyses, we also included the sleep quality 

item from the Pittsburgh Sleep Quality Index (PSQI; “Rate your 

usual sleep quality the past month”) (27).

Self-reported symptoms of sleep disorders

Sleep apnea symptoms were represented by “Frequent Snoring” 

(≥3 night per week) and “Ever Stopped Breathing During Sleep”. 

Insomnia symptoms were represented by perceived problems related 

to “Dif�culty Falling Asleep” and “Waking Too Early.”

Medications with recognized effects on sleep

We included three indicators of medications with recognized 

effects on sleep: (i) Frequent (“often” or “almost always”) use 

of prescription or nonprescription sleep aids; (ii) Recent use of 

prescription sedative-hypnotics (benzodiazepines, benzodiazepine 

receptor agonists) or other benzodiazepines; and (iii) Recent use of 

tricyclic antidepressants, trazodone, mirtazapine, or nefazodone. 

“Recent use” was de�ned as the past 2 weeks for MrOS/SOF 

and the past 30 days for SHHS. Some individuals may have used 

these medication classes for indications other than sleep problems. 

However, the intended use would not alter these medications’ 

effects on sleep.

Sociodemographic

Age, sex, education, race, and marital status were included.

Health Behaviors

We included indicators for smoking status and alcohol use. In MrOS 

analyses, we included the Physical Activity Scale for the Elderly 

(28). In SOF analyses, we included the estimated number of calories 

burned per week from walking. Measures of physical activity were 

not publicly available in SHHS.

Mental Health

Depressive symptoms

We included a three-item measure of depressive symptoms, harmo-

nized from three overlapping items in the Geriatric Depression Scale 

(GDS; available in MrOS and SOF) (29) and the SF-36 (available in 

SHHS) (30). These three items re�ected both the depressed mood 

and life satisfaction component subscales on the GDS (31) and were 

summed such that scores ranged from 0 to 3. This three-item score 

had a correlation of r = .80 with the full GDS in MrOS and SOF. In 

cohort-speci�c analyses, we included the full GDS score (MrOS and 

SOF) or the mental health component of the SF-36 (SHHS) instead 

of the three-item depression scale.

Anxiety and cognition

In MrOS and SOF analyses, we included anxiety symptoms 

(Goldberg Anxiety and Depression Scale [GADS]) (32) and cogni-

tion (Teng 3S Modi�ed Mini-Mental State Exam (33) and Mini-

Mental State Exam (34), respectively).

Medications

We included indicators for recent use (past 2 weeks for MrOS/SOF; 

past 30 days for SHHS) of nontricyclic antidepressants, nonsteroi-

dal anti-in�ammatory drugs, aspirin, corticosteroids, beta blockers, 
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angiotensin-converting enzyme (ACE) inhibitors, calcium channel 

blockers, diuretics, and lipid-lowering medications. These medi-

cations were selected because they either re�ected treatment for 

underlying physical comorbidities related to mortality and/or had 

themselves been associated with health outcomes. We also included 

a count of the total number of prescription medications per partici-

pant to characterize polypharmacy.

Physical Health

We included measured body mass index, self-reported health status, 

number of functional limitations, and indicators for self-reported his-

tory of stroke, heart attack, angina, heart failure, high blood pres-

sure, diabetes, or chronic obstructive pulmonary disease (COPD). In 

MrOS and/or SOF analyses, we also included indicators for history 

of osteoporosis, arthritis (rheumatoid or osteoarthritis), and cancer 

(SOF only).

Outcomes

Our primary outcome is time to all-cause mortality, selected because 

it is an unequivocal “hard” outcome that is of importance to patients 

and society. Our secondary outcome is time to cardiovascular mor-

tality. Full outcome details, including adjudication processes, are 

provided in the Supplementary Text.

In the full analytic sample, 41% (N  =  3,552) participants are 

known to have died of any cause. The remainder were either lost to 

follow up or had not yet died at the time of the last follow-up as-

sessment. The median (25%, 75%) years to all-cause mortality was 

12.3 (6.5, >15.5) years. Thirteen percent of participants (N = 1,079 

of N = 8,130 with cause-speci�c mortality data) are known to have 

died of cardiovascular disease.

Statistical Analysis

Our primary analytic method was a random survival forest, a machine 

learning algorithm generated by creating thousands of bootstrap sam-

ples (each omitting 37% of the full sample, referred to as “out of bag” 

[OOB] data) and �tting a tree-structured survival model to each one. 

Tree-structured survival models empirically identify the predictor and 

cut-point that will optimally split a sample into two subsamples with 

different survival outcomes; splitting continues iteratively on each 

subsample until a prede�ned stopping rule is met. A new individual’s 

survival outcome is predicted by aggregating the tree-level estimates. 

Random survival forests can accommodate numerous predictors with 

complex, nonlinear associations; they also accommodate missing 

covariate data through built-in imputation (20).

Using the full sample, we �t random survival forests for time to 

all-cause and cardiovascular mortality, considering 47 sleep and non-

sleep predictors (Tables 1 and 2; categorical measures were included 

as a set of indicator variables with a reference group omitted). From 

each model, we extracted the variable importance (VIMP) of each 

individual predictor and the joint VIMP for a priori domains of pre-

dictors (sleep, physical health, health behaviors, medications, and 

sociodemographic factors). We used bootstrapping to estimate 99.9% 

con�dence intervals of the VIMP for each predictor/domain, adjusted 

for multiple comparisons (35). The VIMP is the difference in predic-

tion error between a model including the original predictor(s) versus 

a model including a randomly permuted version of the predictor(s). 

Prediction error is computed as 1—the Concordance (C) Index (36). 

The C-Index is related to the area under the curve and estimates the 

probability that, for two randomly selected participants, the one who 

died �rst had a worse predicted outcome (20). Variables/domains with 

larger VIMPs have greater predictive abilities; variables/domains with 

VIMPs ≤ 0 are nonpredictive. In secondary analyses, we applied simi-

lar methods to strati�ed samples (Males < 80, Males ≥ 80, Females < 

80, Females ≥ 80, MrOS, SOF, SHHS).

VIMPs can produce unexpected results if predictors are highly 

correlated (20). Our 47 predictors had low correlation overall 

(Median [Q1, Q3] Spearman |r| = 0.05 [0.02, 0.11]) with only one 

pair having a large correlation (r = .56 between Wake-up Time and 

Time in Bed). Thus, we expect the VIMPs to accurately re�ect the 

predictive abilities of the variables/domains. However, as a more rig-

orous assessment of the predictive utility of sleep relative to other 

domains, we also compared the prediction errors (1-C-Index, com-

puted on OOB data) from random survival forests derived with and 

without each domain.

Random survival forests analyses were implemented through the 

randomForestSRC package in R (37). Additional methodological 

details, including speci�c parameters settings, are provided in the 

Supplementary Text.

Table 1. Sample Nonsleep Characteristics (N = 8,668)

Sociodemographic, %(N) or Mean (SD)  

Age 78.7 (6.7)

Black (vs White) 8.3 (718)

Female (vs Male) 54.0 (4,682)

≥College education (N = 8,639) 34.9 (3,017)

Marital status (N = 8,651)

 Married 57.5 (4,970)

 Widowed 32.8 (2,837)

 Other 9.8 (844)

Health behaviors, %(N)

Smoking status (N = 8,665)

 Current 3.4 (298)

 Past 45.7 (3,961)

 Never 50.9 (4,406)

Alcoholic drinks per week (N = 8,609)

 ≥14 drinks/wk 10.5 (905)

 7–13 drinks/wk 38.2 (3,290)

 <7 drinks/wk 51.3 (4,414)

Mental health symptoms, mean (SD)

Depressive symptoms (range 0–3; N = 8,555) 0.7 (0.78)

Physical health conditions, %(N) or mean (SD)

Body mass index (N = 8,380) 27.2 (4.33)

Number of functional limitations (N = 8,459) (range 0–4) 1.0 (1.3)

Self-rated health (N = 8,587) (1 = Excellent, 4 = Poor/Very 

Poor)

1.9 (0.7)

History of:

 Stroke (N = 8,639) 8.4 (724)

 Angina (N = 8,626) 13.4 (1,155)

 Heart failure (N = 8,615) 6.4 (551)

 Heart attack (N = 8,630) 13.4 (1,157)

 High blood pressure (N = 8,632) 53.5 (4,616)

 Diabetes (N = 8,643) 11.7 (1,007)

 Chronic obstructive pulmonary disease (N = 8,611) 13.3 (1,149)

Nonsleep medications, %(N) or mean (SD)

Number of prescription medications 3.9 (3.0)

Antidepressants (nontricyclic) 6.1 (524)

Corticosteroids (N = 8,645) 7.5 (644)

Nonsteroidal anti-in�ammatory drugs 20.8 (1,801)

Aspirin 51.1 (4,432)

Hypoglycemic agents 9.0 (776)

Lipid-lowering medications 27.1 (2,348)

Diuretics 32.1 (2,779)

Calcium channel blockers 18.9 (1,637)

Ace inhibitors 21.7 (1,878)

Beta blockers 27.0 (2,336)
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Results

Characteristics of the full analytic sample are provided in Tables 

1 and 2. Characteristics of strati�ed samples are provided in 

Supplementary Tables S3–S6.

All-Cause Mortality

Figure 1 displays the VIMP (99.9% CI) of each predictor and do-

main for all-cause mortality. The joint VIMP of the sleep domain 

was signi�cant (0.94 [0.60, 1.29]) with con�dence limits overlap-

ping those of functional limitations (1.66 [1.24, 2.08]), the medica-

tion domain (1.33 [0.95, 1.72]), self-rated health status (0.51 [0.35, 

0.68]), and prior heart failure (0.42 [0.23, 0.62]). The top signi�cant 

individual sleep characteristics were Time in Bed (0.21 [0.12, 0.30]) 

and Napping (0.18 [0.07, 0.30]); these were of similar importance 

as other well-established domains/predictors including body mass 

index (0.24 [0.15, 0.33]), the health behaviors domain (0.22 [0.06, 

0.38]), and prior stroke (0.17 [0.04, 0.31]).

The prediction error for the full model including all predictors 

was 27.02%. The change in prediction error after removing each 

domain separately was: 1.20 (physical health), 0.44 (medications), 

0.25 (sleep), 0.21 (sociodemographic factors, excluding age), and 

0.14 (health behaviors). The prediction error for a base model 

including only age and cohort was 32.04%. The change in predic-

tion error after adding each domain separately was: −2.13 (physical 

health), −0.82 (sleep), −0.08 (medications), 0.31 (health behaviors), 

and 1.10 (sociodemographic factors, excluding age).

Supplementary Tables S7 and S8 provide results from strati�ed 

analyses. After adjusting for multiple comparisons, multidimensional 

sleep was a signi�cant predictor of all-cause mortality among fe-

males age ≥80 and in the MrOS and SOF cohorts. (It was signi�cant 

without adjustment across all strati�ed analyses.) The sleep domain 

was consistently ranked as less predictive than the physical health, 

sociodemographic, mental health (MrOS and SOF), and medications 

domains. However, it was consistently ranked as more predictive 

than the health behaviors domain, even after including physical ac-

tivity (MrOS and SOF). Time in Bed and a measure of timing (Bed 

or Wake-up) were among the top sleep predictors across all strati�ed 

analyses. Napping was also among the top sleep predictors in all 

strati�ed analyses except males ≥80.

Cardiovascular Mortality

Figure 2 displays the VIMP (99.9% CI) of each individual predictor 

and domain for cardiovascular mortality. The multidimensional 

sleep domain was a signi�cant predictor (1.98 [1.31, 2.64]) with 

con�dence limits overlapping the sociodemographic factors domain 

(3.59 [2.52, 4.66]), the medication domain (2.82 [1.99, 3.65]), age 

(2.63 [1.87, 3.38]), and functional limitations (1.09 [0.76, 1.42]). 

The top signi�cant individual sleep characteristics were Time in Bed 

(0.36 [0.22, 0.50]), Napping (0.29 [0.12, 0.45]), and Wake-up Time 

(0.26 [0.14, 0.39]); these had VIMPs similar to other well-estab-

lished domains/predictors including the health behaviors domain 

(0.32 [0.09, 0.55]) and depressive symptoms (0.24 [0.11, 0.37]). The 

prediction error for the model was 24.80%.

Discussion

In a large, heterogeneous sample of older adults, we used machine 

learning to establish the predictive ability of multidimensional sleep 

for mortality relative to other self-reported established risk factors. 

Based on a Variable Importance metric, the multidimensional sleep 

domain was a signi�cant predictor of both all-cause and cardiovas-

cular mortality in the full sample. Across full and strati�ed analyses, 

its predictive ability ranked lower than that of the physical health, 

sociodemographic (including age), mental health, and medication 

domains, but higher than that of the health behaviors domain and 

several well-established individual nonsleep predictors (eg, self-rated 

health status, heart failure). Analyses directly comparing models with 

and without the multidimensional sleep domain further established 

that the improvement in predictive accuracy offered by self-reported 

sleep is in line with that offered by our medication, sociodemo-

graphic factors (excluding age), and health behaviors domains.

These �ndings highlight the importance of developing multidi-

mensional measures of sleep—especially those incorporating time in 

bed, timing, and napping, which were among the most predictive in-

dividual sleep characteristics. Such multidimensional sleep measures 

could improve and standardize longitudinal follow-up of health in 

epidemiological studies of older individuals. Moreover, unlike some 

nonsleep measures with similar predictive abilities (eg, prior stroke, 

diabetes), time in bed, timing, and napping are modi�able in older 

adults by behavioral measures (38). The combination of modi�abil-

ity and predictive ability makes multidimensional sleep a promising 

and novel target for improving health and reducing mortality risk 

in older adults.

This study is the �rst to incorporate a comprehensive set of sleep 

characteristics, put them in the context of well-established nonsleep 

predictors, and link them to mortality in a large heterogeneous sam-

ple using machine learning. While machine learning provides a pow-

erful tool for organizing numerous interrelated predictors to examine 

their relative importance, it does not provide information about 

direction/magnitude of effects or potential pathways to mortality. 

Nevertheless, our �nding that time in bed, timing (with potential for 

circadian misalignment), and napping were the most predictive sleep 

characteristics is consistent with a growing literature suggesting that 

these characteristics in�uence in�ammation and metabolism, key 

pathways associated with health and disease (1,39,40).

Combining three cohorts improved our study by increasing 

sample size, enhancing generalizability, and facilitating strati�ed 

Table 2. Sample Sleep Characteristics (N = 8,668)

Habitual Sleep Characteristics %(N) or Mean(SD)

Epworth sleepiness scale 6.3 (4.0)

Hours of napping per week 1.8 (3.3)

Bed time (HH:MM) 22:41 (01:14)

Wake-up time (HH:MM) 06:55 (01:19)

Total sleep time (hours) 7.0 (1.3)

Time in bed (hours) 8.2 (1.4)

Sleep latency (minutes) 22.1 (24.5)

Sleep ef�ciency 85.2 (13.6)

Symptoms of sleep disorders

 Frequent snoring 15.6 (1,352)

 Ever stop breathing during sleep 8.1 (706)

 Dif�culty falling asleep 21.5 (1,863)

 Wake up too early 38.6 (3,342)

Medications with recognized effects on sleep

 Sedatives and other hypnotics or benzodiazepines 7.2 (623)

 Frequent use of sleep medications 15.1 (1,311)

  Tricyclic antidepressants, mirtazapine,  

nefazodone, or trazodone

4.0 (343)
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analyses. However, this may have produced residual confounding, 

especially related to age and gender. Another limitation is that 

some domains contained fewer measures than other domains, po-

tentially limiting their predictive abilities. Although adding inform-

ative measures to a domain could improve its predictive abilities, 

adding noninformative measures could induce noise and worsen pre-

diction. Also, the physical health conditions in the full harmonized 

sample were primarily limited to cardiometabolic-related diseases. 

Although these diseases are generally the most prevalent and strong-

est risk factors for mortality in older adults (12), some important 

noncardiometabolic conditions were excluded in the full sample. 

Despite these limitations, several sensitivity analyses probing their 

potential impact produced relatively consistent results. Thus, we ex-

pect that our main �ndings are robust.

In future research, it will be important to develop tools for meas-

uring multidimensional sleep, especially those incorporating time in 

bed, timing, and napping. These tools should be used to examine 

nuanced associations between sleep and mortality, probe mech-

anistic pathways (eg, in�ammation or metabolism), and establish 

effect modi�ers (eg, pain, postmenopausal vasomotor symptoms, 

Figure 1. Variable importance values × 100 (VIMPs; 99.9% confidence 

intervals) for all-cause mortality. Domains of multiple measures are bolded. 

Abbreviations following each individual (non-bolded) measure reflect the 

domain in which they are grouped. 

Figure 2. Variable importance values × 100 (VIMPs; 99.9% confidence 

intervals) for time to cardiovascular mortality. Domains of multiple measures 

are bolded. Abbreviations following each individual (non-bolded) measure 

reflect the domain in which they are grouped.
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or marital status, among others). Finally, we focused this analysis 

on self-reported data given their wide availability and scalability. 

However, future research should consider objective sleep measures 

(eg, captured through polysomnography or actigraphy), which pro-

vide more granularity and may be even stronger predictors of mor-

tality in older adults than self-reported sleep (8).

Supplementary Material

Supplementary data is available at The Journals of Gerontology, 

Series A: Biological Sciences and Medical Sciences online.
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