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Abstract

Introduction: Sleep is essential for human development and maintaining physical and
mental health. Sleep disturbances have long been known to be associated with mental illness,
metabolic, neurological or other systems diseases. Knowing what factors are associated with sleep
quality and sleep-wake homeostasis is important for the study of sleep disorders and may
potentially inform new treatment strategies to preserve patients' normal sleep-wake cycle. The
present study aims to identify what actigraphic measures, self-reported sleep variables, and other
chronic diseases, medications are related to the percentage of slow-wave sleep and delta power
spectra in older men.

Method: Categorical variables are summarized using frequencies and percentages. For
continuous variables, means and standard deviations are computed, and distributions are displayed
in histograms. Possible correlations among variables are examined by a matrix of scatterplots and
Pearson correlation coefficients. The LASSO is used for feature selection in multiple linear
regression models and multiple imputation used to overcome missing data.

Results: The past month sleep hours (f=0.0896, p<0.05), kidney diseases (f=0.161,
p<0.05) and oral corticosteroids (=0.148, p<0.05) are significantly positively associated with
percentage of deep sleep, while sleep apnea severity (f=-0.0043, p<0.001), age ( = -0.0042,

p<0.01), Benzodiazepine use ( -0.155, p<0.001), NSAIDS use (f=-0.0418, p<0.05), and race(p=-

v



0.0476, p<0.01) are negatively associated when controlling other variables’ effect. Cognitive
function (f=0.0015, p<0.001), and oral corticosteroids (f=0.0733, p<0.01) are positively related
to delta power, while sleep apnea severity (f=-0.0011, p<0.001), age ( =-0.0013, p<0.05), mean
sleep minutes (-0.0002, p<0.001) , BMI (-0.031, p<0.001), Diabetes (B=-0.0404, p<0.001),
Benzodiazepine use ( -0.061, p<0.001), and the consumption of alcoholic beverages (f=-0.0125,
p<0.05) are negatively related to delta power when controlling other covariates.

Conclusions: Our study suggested several factors are either positively or negatively
associated with the percentage of deep sleep and delta power. Most of the factors affect the
percentage of slow-wave sleep and delta power in the same direction.

Public Health Significance: These analyses may provide important messages for future

study and potential medical interventions application.
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1.0 Introduction

Sleep plays an important role in maintaining the body’s circadian rhythm, physical and
mental health . Sleep cycles consist of non-rapid eye movement (NREM) sleep, which is
subdivided into the three stages NI, N2, and N3, and rapid eye movement sleep (REM).
Polysomnography (PSG), or the comprehensive recording of electrophysiological changes that
occur during sleep, is used by clinicians and researchers for evaluating sleep. Included are
electroencephalography (EEG), which records brain activity, and is used to define sleep-wake
cycles, sleep stages, and sleep waves. Figure 1° displays typical EEG signals during different sleep
stages. In particular, N3 stage sleep is characterized by low-frequency waves in the 0.5-4.5 Hz
range and is often referred to as delta wave, slow-wave sleep (SWS), or deep sleep. This stage is
important for health and functioning as it is during N3 sleep when body restoration, growth, and
development occurs, immune function is boosted, and energy builds up ®. A comprehensive sleep
profile includes sleep duration and sleep quality ’. Sleep duration is simply defined by the amount
of sleep during the night. The normal sleep time is age dependent. Based on the National Sleep
Foundation’s recommendations ¥, the normal sleep duration range for older adults (> 65 yr.) is 7-
8 hours. Short sleepers are generally defined as those who sleep less than 7 hours/night. Sleep
quality can be defined in different ways. One of the common assessments for sleep quality and
disturbance is the Pittsburgh Sleep Quality Index (PSQI), a self-rated questionnaire °. This
assessment is simple, easy, and cost-effective, but it is subjective and may not be correlated with
objective measures of sleep '°. Objective measures of sleep by PSG can characterize sleep quality
by the total sleep time (TST), time spent awake after sleep onset (WASO), sleep efficiency (the

ratio of TST to time in bed), and the amount of
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Figure 1 Representative EEG recording during sleep

Slow-wave sleep (SWS, stage 3) and rapid eye movement (REM) sleep '!. Since SWS
sleep plays important roles in cerebral restoration, the maintenance of sleep, and memory
consolidation in humans, ', the percentage of total sleep time that is in stage 3 and 4 is a critical
measure of deep sleep. Another useful measure computed from the EEG channel of PSG is the
amount of delta power during the night. Delta power is correlated with the change of sleep duration
and intensity, which are considered as a critical measure for deep sleep '°. It is also related to prior
sleep quality and wakefulness and acted as an index for sleep-wake homeostasis. Sleep deprivation
will evoke an increase of delta power, while excess sleep leads to decrease of delta power . Low
levels of delta power are related to reduced sleep quality in aging patients and patients with
diseases such as diabetes !. Delta wave analysis is used to study the homeostatic process in the

two-process model of sleep regulation ',



Disturbance of sleep such as abnormal sleep duration and poor sleep quality is correlated
with cardiovascular diseases, metabolic abnormalities, neuronal function, diabetes, depression,
falls, accidents, impaired cognition, a poor quality of life, and even mortality risk for some diseases
I715-18 "On the other hand, many diseases such as cancer, neurodegenerative diseases including
Parkinson’s and Alzheimer’s, medications, cardiovascular diseases, metabolic diseases, diet,
cocaine, or even lifestyle changes and environmental changes could compromise sleep patterns
and sleep quality ! 1%,

Knowing participants’ slow-wave sleep could provide important information related to the
patient’s general health status, physical or mental stress, and even disease progress. Sleep
parameters from PSG are considered definitive, “gold standard” measures 2. However, PSG is
expensive and requires professionals to perform. Actigraphy is one type of wearable technology

that uses accelerometer-based transformations to quantify physical activity 2’.

They are
noninvasive, objective (provides an accurate representation of sleep/wake history), continuous
monitoring (for day and night, weeks/months), low cost, and very convenient. If actigraphic sleep-
wake activities and other covariates including self-reported sleep information, medication, and
chronic disease history can be used to estimate patients’ sleep quality, it could not only serve as a
screening test for sleep disturbance, but also be used as a monitoring system to evaluate the
effectiveness of medical or psychological intervention for some diseases 2%

In this study, we will use statistical learning to analyze multimodal sleep in older men. We
aim to identify which actigraphy, self-report, clinical and demographic factors are related to slow-
wave sleep and delta power spectra. The results from this study could provide important

information for the future sleep study and for potential physical/pharmacological intervention to

preserve SWS/delta power in aging.



2.0 Materials and Methods

2.1 Participants

Data are from an NIH-funded study in the Osteoporotic Fractures in Men (MrOS)
conducted between December 2003 and March 2005 at six clinical centers in the United States
(Birmingham, Alabama; Minneapolis, Minnesota; Palo Alto, California; Monongahela Valley,
Pennsylvania; Portland, Oregon; and San Diego, California). 5994 community-dwelling men aged
65 or older were enrolled at 6 clinical centers in a baseline examination between 2000 and 2002.
After excluding participants who had used overnight nocturnal oxygen therapy or positive
pressure/oral appliances for the treatment of sleep apnea or other sleep problems, 3135 participants
were recruited to the Sleep Study. These participants underwent full unattended PSG and 3 to 5-
day actigraphy studies between December 2003 and March 2005. However, our original dataset

included 5994 observations and 44 variables.

2.2 Measures

2.2.1 Outcome Measures

There are two outcome variables that objectively measure “deep sleep”. The first one is the
percentage of total sleep time spent in stage 3 and stage 4 sleep, which was calculated as the

participants’ slow-wave sleep time in NREM, N3, divided by total sleep time per night. The



secondary outcome variable is delta power, which was computed from the EEG delta wave signal
by fast Fourier transform with Welch’s method after artifact removal with automated pipeline .
The average absolute delta spectral power density in log1 0(uV”2/Hz) was calculated for each sleep

cycle within the delta band of frequencies between 1.25-4 Hz.

2.2.2 Rest-activity Circadian Rhythm (RAR) Variables

The RAR is measured by actigraphy, which are wearable devices to record acceleration
and provide indirect measures of physical activity over time. Participants were trained to use the
Actiwatch 2 device. Their daily regular sleep-wake hours and rest-activity were recorded. To avoid
masking of the rest-activity cycle, they are advised to avoid alcohol and caffeine during the data
collection week. Sleep and activity levels were primarily calculated using the Respironics
Actiware 5.70.1 software (Philips Respironics®, Andover, MA, USA), and recordings per minute
for six complete days and seven nights were used for the analysis 2’.

A common parametric approach to analyzing RARs includes fitting a 5-parameter extended

cosine model °

. A new approach referred to as the residual circadian spectrum (RCS) has been
reported recently '. The RAR measures included in this study are 1. Mean minutes — sleep in bed;
2. Mean sleep efficiency — calculated as the percentage of sleep time divided by time in bed; 3.
Amplitude — peak-nadir difference; 4. MESOR — middle of modeled rhythm; 5. Phi — the time of
day of the average peak activity over the week with later peak times indicating later timing of high
activity levels. 6. Pseudo F — the extended cosine model also provided for a measure of how well
the observed activity data are fitted by the 24-hour rhythm model. For the pseudo F, lower values
indicate poorer model fit, which suggests that the rhythm may be erratic, and/or variable 2. Some

of these measures are illustrated in Figure 2 cited from the published paper %°.
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Figure 2 Illustration of 5 parameter extended cosine model

2.2.3 Self-reported Sleep Variables

Self-reported sleep variables include participants’ last month’s daily sleep hours (during
the past month, how many hours of actual sleep did you get each night?) and sleep efficiency (sleep

time divided by total time in bed).

2.2.4 Chronic Diseases, Medications, and Other Covariates

The covariates we considered in this study include demographic/lifestyle factors (age, race,
education, weekly alcohol consumption, smoking status, body mass index (BMI), self-reported
physical activity, mental health characteristics (Teng 3MS score, range from 0 to 100 ), depression
(geriatric depression score, GDS, >5 suggesting, >10 depression), anxiety symptoms (Goldberg

Anxiety Scale score, ranges from 0 to 9, the higher the score, the more likely anxiety), chronic



diseases (Peripheral vascular disease, Osteoarthritis, Rheumatoid Arthritis, Hypertension, Stroke,
Angina, Congestive Heart Failure, Myocardial Infarction, Diabetes, COPD, Parkinson's, Renal
disease, Cataracts, Liver disease), current medication use (antidepressant such as non-
benzodiazepine non-barbiturate sedatives /hypnotics and benzodiazepines use), nonsteroidal anti-
inflammatory drugs (NSAID) use, and corticosteroid use (oral or nasal/inhaled). The severity of
sleep-disordered breathing was assessed with obstructive apnea-hypopnea index, defined as the

number of respiratory events with oxygen desaturation > 3% per hour.

2.3 Missing Data

The overall data inspection was analyzed by the Amelia II program 32. Participants who
have missing data for most of the measures will be excluded from the dataset. After that, all
remaining missing data were multiply imputed via the Amelia II program which use Expectation-
Maximization Bootstrap-based algorithm (EMB) with consumption of multivariate normal
distribution. Five imputed datasets will be generated, and all the data sets were used for modeling.

The mean of the parameters was calculated and reported.

2.4 Statistical Analysis

The data contains two continuous outcomes variables and over 40 predictors and
covariates. In exploratory analyses, categorical variables are summarized using frequencies and

percentages. Continuous variables are computed for their mean and standard deviation; their



distributions are displayed in histograms. The possible correlation between continuous variables
is examined by a matrix of scatterplots. Pearson correlation coefficients are calculated. A multiple

linear regression model will be fitted as follows:
Yi= Bo+Xh_; Bjxij+ €

Fori € {1 —n}, where

y; 1s the real-valued response for the i-th observation
Bo 1s the regression intercept

Bj is the j-th predictor’s regression slope

xij 1s the j-th predictor for the i-th observation

g;iid N (0, 02) is a Gaussian error term

The regression model is fit using the LASSO, which is a method for shrinkage and selection
for regression and generalized regression problems 3* to perform multiple variables regression.
LASSO was computed using glmnet package for R statistical software, version 1.1.14 as per the

following equation:

min - . T o2 a .
BoB ﬁ; (vi— bo—x5) + ,\; Ll
where
N is the number of observations
yi is the response at observation i
xi is data, a vector of p values at observation i

/ 1s a nonnegative regularization parameter corresponding to one value of Lambda

The parameters S0 and f are scalar and p-vector, respectively

8



The LASSO problem involves the L1 norm of f. As 4 increases, the number of nonzero
components of  decreases. The best penalty tuning parameter of the LASSO A was chosen by the
program based on 10-fold cross validation that generated the smallest average MSE. The model
per imputed data set that corresponded to the optimal penalty was referred to as “best”. The
multiple linear models were run after LASSO performed feature selection with computation of
inferences. The results from multiple imputations are combined using the Zelig package *.

To check the overall goodness of fit, I tested for normality of residuals by plotting the
observed values against the predicted values, accumulated residuals distribution, and Q-Q

normality plot.

2.5 Software

All analyses were implemented using the RStudio statistical software, version 1.1.141. The
Amelia II package *?> was used to performing missing data mapping and imputation. Variable
selection and model fitting was performed using the glmnet ** and Plotmo package. Multiple linear
regression is fitted using ordinary least squares after LASSO feature selection. The results from

multiple imputations are combined using the Zelig package™.



3.0 Results

3.1 Data Inspection and Manipulation

Our raw dataset has 5994 observations and 44 variables. When checking the data using the
Amelia II package, there is a total of 44% of missing values (Figure 3). Clearly, most of these
participants who are missing in the outcome variable percentage of slow-wave sleep also have
missing data in most of the other variables. These observations were excluded from the dataset.
After removing these observations, there was 1% missing values (Figure 4). In the variable level,
data was missing in the range of 0 to 14.7% among the predictors and the outcome variable (delta
power). All remaining missing values were multiply imputed via Amelia II program as showed in
Figure 5. A total of 5 datasets were generated for further analysis. For sleep hour data, raw data
had hour ranges from 0 to 12 hours. According to the National Sleep Foundation’s new
recommendation %, I categorized the sleep hours into three groups — less than 5 hours, 5 to 9 hours,

and more than 9 hours).

3.2 Descriptive Analysis of Variables

First, the distribution of the outcome measures, delta power spectra, and the percentage of
slow-wave sleep were characterized (Figure 6 and Table 1). Delta power is approximately
normally distributed (Figure 6A), but the percentage of slow-wave sleep distribution was highly

skewed (Figure 6B). The log transformation (Log (percentage of slow-wave sleep +1)) seemed to

10



improve the distribution pattern (Figure 6C). However, the Shapiro-Wilk test of normality

suggests the outcome may not be normally distributed (W=0.93, P-value < 0.001). In a very large

Missingness Map

B pissing (44%)
B Observed (56%

Figure 3 Missingness Map for raw data

sample size, this should be not a concern for linear regression analysis, but log transformation did

improve our regression model fitting (see results), therefore we will choose the log-transformed

percentage of slow-wave sleep for further analysis.

11



Missingness Map

B pissing (1%)
B Observed (99%)

Figure 4 Missingness map after excluded missing value in variables for the percentage of
slow-wave sleep
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A Histogram of Delta Power
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The Modified Mini-Mental State Test (3MS) scores are highly skewed (Figure 7a), The
mean 3MS Score is 92.6 with a standard deviation of 6.4. Lower 3MS scores indicate cognitive
impairment 2’, so we decided to exclude observations with 3MS scores lower than 80 27 (3.7% of

the participants were excluded) to avoid possible interference with our analysis (Figure 7b).

Histogram of TMMECORE Histogram of TMMECORE

Figure 7 Distribution of Participants’ Mental State Test Score before (A) and after (B)
excluded those samples with scores lower than 80

Table 1 Rest-activity Rhythm and Outcomes Variables

Outcomes variables Mean (SD)
Delta Power Spectrum (Log level) 1.196 (0.186)
Percentage of slow-wave sleep (Log level) 0.934 (0.411)

Rest-Activity thythm variables
Mean Minutes Scored as Sleep INBD 385 (72.85)
Mean SLP EFF (%) INBD 78.34 (11.87)
Amplitude Antilogistic 3623 (1089)
PHI Antilogistic 14.26 (1.19)
Pseudo F Antilogistic 1047 (505.6)
MESOR Antilogistic 2173 (506.8)

15



The final dataset contains 2767 observations. The mean age is 75.24 years old. 90.67% of
participants were white; black and other ethnicities amounted to 3.38% and 5.95% of the

sample, respectively (Table 2). 96.09% of last month’s daily sleep hours fell in the 5 to 9
hours group, which is considered a normal sleep time for those over 65 years old. ®. Alcohol
consumption and smoking information are also characterized in Table 2. The mean score of the
Teng mini-mental state examination after excluding those with scores less than 80 is 93.47 with a
standard deviation of 4.46. Using this cut-off could prevent possible biased self-reported
information used in the analysis by some older participants who have some mental diseases. The
mean value, standard deviation, and histograms of these self-reported variables are summarized in
Table 2 and Supplemental Figure S1.

The RAR variables provide objective measures for sleep-wake variables. The mean
minutes of sleep and mean sleep efficiency are 385 (+ 72.85, SD) minutes and 78.34% (+ 11.87,
SD), respectively (Table 1). Phi, an index for the peak of activity, higher values of which may
indicate a more delayed rhythm %, has a mean of 14.26 and a standard deviation of 1.19. The
Pseudo F, provided by the extended cosine model, has a mean of 1057 with a standard deviation
of 505.6. The higher the value of Pseudo F, the more robust the rhythm and better cosine model
fitting 2’. Amplitude and MESOR have means of 3623 (£1089) and 2173 (£506.8), respectively.

All RAR measures included in this study are shown in Table 1 and Supplemental Figure
S2 (histogram). The participants’ chronic diseases and current medication use information are

summarized in Table 3.

16



Table 2 Sample Characteristics

Age (yr.) 76.24(5.46)
Body Mass Index 27.19(3.78)
Education (n, %)

< High school 126(5.22)

High school 441(16.30)

> High school 2200(78.48)
Race (n, %)

White 2532(90.67)

Black 79(3.38)

Other 156(5.95)
Alcohol drinks (n, %)

<I drink / week 1267(46.02)

2-13 drinks/week 1336(48.53)

>14 drinks / week 150(5.45)
Smoke (n,%)

Never 1101(39.80)

Ever 1610(58.21)

Current 55(1.99)
Past month sleep hour (n, %)

<5 106(3.83)

5-9 2659(96.09)

>9 2(0.07)
Sleep efficiency 86.23(12.17)
Physical activity score 146.5(71.04)
Geriatric depression score 1.71(2.11)
Goldberg anxiety scale score 0.90(1.90)
Mental state examination score 93.47(4.46)
Obstructive apnea-hypopnea index 16.86(14.54)

Mean (standard deviation) shown unless otherwise noted

17



Table 3 Chronic Diseases and Medication Use

Chronic Diseases n
Diabetes 2766
Osteoarthritis 2765
Rheumatoid Arthritis 2765
Parkinson Disease 2766
Liver Disease 2766
Kidney Disease / Failure 2766
COPD / Emphysema 2766
Cataract 2766
Heart Attack 2766
Angina 2766
Congestive Heart Failure 2766
Stroke 2766

Hypertension 2766
Peripheral Arterial Disease 2723

Medications
Antidepressant 2767
Benzodiazepine 2767
NSAID 2767
Nonbenzo Nonbarbituate Sedative Hypnotic 2767
Oral Corticosteroids 2758
Inhaled / Nasal Corticosteroids 2762

NO (%)
86.98
92.08
75.73
98.95
97.87
98.99
94.87
53.62
82.79
85.14
94.03
96.28
50.25
90.12

92.48
95.59
79.40
97.98
98.19
92.34

YES (%)
13.02
8.92
2427
1.05
2.13
1.01
5.13
46.38
17.21
15.86
5.97
3.72
49.75
9.88

7.52
4.41
20.60
2.02
1.81
7.66

Multicollinearity of continuous variables is examined by a matrix of the scatterplot. Figure
8 displays the correlation between actigraphic variables and outcome variables. Figure 9 displays
the correlation between outcome variables and other continuous variables. The Pearson correlation
coefficients were computed (Supplemental Table S1). As expected, there are positive correlations
between delta power and percentage of slow-wave sleep (p =0.63), between mean minutes scored
as sleep and mean sleep efficiency (p=0.76), between amplitude and MESOR (p=0.80), and
between Pseudo F and amplitude (p=0.55), because some of them were computed by use of the

same raw/signal parameters, such as amplitude using peak — nadir activity difference, while

MESOR is mean activity.
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3.3 LASSO regression for the percentage of slow-wave sleep

The multiple variants regression analysis was performed by using the glmnet package with
default settings (standardize = True, program decide the range and tuning parameter A). The best
value of A was chosen by 10-fold cross-validation based on minimum mean squared error. Figure
10 provides an illustration of 10-fold cross-validation applied to the LASSO fits of our dataset.
The left vertical dashed line indicates a A that gives the minimum mean cross-validated error, and
the right vertical dashed line indicates a A that gives a model such that the error is within one

standard error of the minimum.
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Figure 10 Ten-fold cross-validation MSE for the LASSO, applied to the dataset to select the
lambda for the percentage of slow-wave sleep
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Figure 11 The corresponding LASSO coefficient estimates for the percentage of slow-wave
sleep

Figure 11 displays the coefficient estimates after variant selection and dimension
shrinkage applied to the LASSO model. The vertical line indicates the best A value for this model.
Each line represents one of the explanatory variables and its role in the model. In the plot, we can
see when each variable entered the model and to what extent they influenced the response variable.
Entering the model early and steadily with a large coefficient plays a big role in the model. In this
model, the benzodiazepine, commonly used for depression and anxiety, is the first variable to enter
the model. It has a negative effect on deep sleep, while oral corticosteroids, kidney disease, and
past month sleep hours have a positive effect on predicting the percentage of deep sleep. We use
the same strategy to repeat all five multiple imputed data. The averaged results are shown in Table
4. We also ran a multiple linear regression model and its estimation using ordinary least squares
(OLS) for variables selected by the LASSO process to compute the p-values. The results from
multiply imputed datasets are combined to reflect the average change using Zelig package 3*. The
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results and comparison between multiple linear regression and LASSO regression are shown in
Table 4. After controlling for all other covariates, the past month sleep hours are positively
associated with the percentage of slow-wave sleep (PrLasso=0.05686, p=0.024), while the
obstructive apnea-hypopnea index is negatively associated with the percentage of slow-wave
sleep, conditional on controlling other covariates (Brasso=-0.0039, p<0.001). Detailed results are
shown in Table 4. Compared with multiple linear regression, LASSO has much smaller

coefficients because the nature of L1 penalty shrinks coefficients toward the null.

Table 4 Models for the Percentage of Slow-wave sleep

LASSO Multiple linear regression
Covariates Parameter  Parameters SE P value
Intercept 0.8606 0.968 0.25 0.00015%**
Coefficients
Past Month Sleep Hours 0.0569 0.0896 0.039 0.024*
Obstructive Apnea Hypopnea Id.  -0.0039 -0.0043 0.0005  0.0000%***
Mental State Test Score 0.0028 0.0035 0.0017 0.051
Age -0.0024 -0.0042 0.0015  0.0057**
Body Mass Index -0.0004 -0.0026 0.0022 0.234
Kidney Diseases 0.0583 0.161 0.0766  0.0349%*
Heart Attack -0.011 -0.033 0.0204 0.099
Benzodiazepine -0.114 -0.155 0.0374  0.0000%***
NSAID -0.0199 -0.0418 0.019 0.028*
Oral Corticosteroids 0.0796 0.148 0.057 0.0101**
Race -0.0266 -0.0476 0.0162  0.0033%**
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3.4 LASSO Regression for Delta Power Spectra

Similarly, we fitted a LASSO model for delta power spectra. The illustrations of 10-fold
cross-validation and selection of parameters are displayed in Figure 12 and Figure 13. The tuning
parameter A for minimum mean squared error in this model is 0.0031 (Figure 13). The selected
variables based on the Amin are summarized in Table 5. The computed p-values after multiple linear
regression are also showed in Table 5. Our results showed that except a few variables such as
diabetes, benzodiazepine, BMI, obstructive apnea-hypopnea index, the majority of variables has
very small, non-significant coefficients. Since the dependent variable delta power has 14.7%
missing; it may potentially add needless noise when running a regression model using imputed
values for delta 37 and could affect the model fitting. Therefore, we created a second dataset
(dataset2) by removing missing delta, then performed multiple imputations for other missed
predictors. The results compared with those using datasetl are displayed in Table 6. As shown in
the table, the majority of coefficients between the two models are very close suggesting that even
dependent variable has about 15% of missing data, the mean coefficients calculated from LASSO
models using generated multiple imputations still quite reliable. However, the variable selection
in this model using the Amin is not very powerful. From Figure 13, many covariates around 0 could
be just noise, In Figure 12, within the Amin to one standard error of the minimum A range (between
two vertical dashed lines), the log (lambda) level increase from -6.1 to about -5.3 does not
substantially change the mean squared error, but significantly increases the penalty power. We
remodeled the LASSO linear regressing using A = exp™- and the result is shown in Table 7.
Conditional on controlling other variables, age, BMI, mean sleep minutes, diabetes,
benzodiazepine, nonsteroidal anti-inflammatory drugs, and alcohol drinks are negatively

associated the delta power, while Parkinson disease and mini-mental state examination score are
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positively associated with the delta power. The p-values are also displayed in Table 7. Similarly,
a combination of regression results from multiply imputed datasets is analyzed using the Zelig.

Results are displayed in Table 7.
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Figure 12 Ten-fold cross-validation MSE for the LASSO, applied to the dataset to predict
the Delta Power Spectra
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Figure 13 The corresponding LASSO coefficient estimaes for Delta Power
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Table 5 Model for Delta Power Spectra using Amin

Covariates Best Model parameters P Value
Intercept 1.31147 0.000%**
Coefficients
Past Month Sleep Hours 0.011532 0.099
Obstructive Apnea Hypopnea Index -0.000938 0.000%**
Mental State Test Score 0.000978 0.212
Age -0.000814 0.0923
Body Mass Index -0.002471 0.002**
Physical Activity -0.000032 0.218
Mean Minutes Scored as Sleep INBD -0.00014 0.127
Mean SLP EFF (%) INBD -0.000187 0.158
Amplitude Antilogistic 0.000003 0.0506
Diabetes -0.033098 0.000**
Osteoarthritis -0.002618 0.222
Parkinson Disease 0.022895 0.2914
COPD / Emphysema 0.010604 0.161
Congestive Heart Failure -0.005931 0.306
Hypertension -0.005282 0.432
Benzodiazepine -0.047638 0.000%**
NSAID -0.008208 0.211
Nonbenzo Nonbarbituate Sedative Hypnotic -0.013197 0.430
Oral Corticosteroids 0.054667 0.0163*
Inhaled / Nasal Corticosteroids 0.009406 0.145
Race -0.006050 0.045%*
Education 0.003584 0.209
Alcohol Drinks -0.008557 0.0105*
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Table 6 Comparison of Models for Delta Power Spectra Using Two Different Datasets

Covariates Parameters in Parameters in
Datasetl Dataset2
Intercept 1.31147 1.2936
Coefficients
Past Month Sleep Hours 0.011532 0.01257
Obstructive Apnea Hypopnea Index -0.000938 -0.0009246
Mental State Test Score 0.000978 0.0009483
Age -0.000814 -0.000906
Body Mass Index -0.002471 -0.00237
Physical Activity -0.000032 -0.0000428
Mean Minutes Scored as Sleep INBD -0.00014 -0.000114
Mean SLP EFF (%) INBD -0.000187 -0.0000831
Amplitude Antilogistic 0.000003 0.0000017
Diabetes -0.033098 -0.03277
Osteoarthritis -0.002618 -0.00374
Parkinson Disease 0.022895 0.0225
COPD / Emphysema 0.010604 0.023028
Congestive Heart Failure -0.005931
Hypertension -0.005282 -0.007239
Benzodiazepine -0.047638 -0.04633
NSAID -0.008208 -0.00773
Nonbenzo Nonbarbituate Sedative Hypnotic -0.013197 -0.0211
Oral Corticosteroids 0.054667 0.04618
Inhaled / Nasal Corticosteroids 0.009406 0.0127
Race -0.006050 -0.00526
Alcohol Drinks -0.008557 -0.0073578
EDU 0.003584 0.003989

Dataset] has missing delta (14.7%) with imputation
Dataset2 excludes the missing delta, then imputed using Amelia 11
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Table 7 Models for Delta Power Spectra

LASSO Apest Multiple linear regression
Covariates Parameters Parameters SE P Value
Intercept 1.251 1.351 0.113 0.000%**
Coefficients
Obstructive Apnea Hypopnea Id.  -0.0008 -0.0011 0.0003 0.000%**
Mental State Test Score 0.00068 0.0015 0.0008 0.061
Age -0.0003 -0.0013 0.0007 0.067
Body Mass Index -0.0017 -0.0031 0.001 0.003**
Mean Minutes Sleep INBD -0.0001 -0.0002 0.00005  0.000%**
Diabetes -0.0283 -0.0404 0.0109 0.000%**
Parkinson Disease 0.00393 0.046 0.0376 0.217
Benzodiazepine -0.0354 -0.061 0.0183 0.000%**
Hypertension -0.0038 -0.0087 0.0077 0.255
NSAID -0.0021 -0.0149 0.0091 0.10
Oral Corticosteroids 0.0374 0.0733 0.027 0.007%**
Alcohol Drinks -0.0028 -0.0125 0.0061 0.038*

3.5 LASSO Models Diagnosis

To validate the predicted best model, a residual analysis was conducted. As shown in
Figure 14 for the percentage of slow-wave sleep model, the residuals vs. fitted plot showing the
average value of the residuals at each value of the fitted value (red line) is overall flat. There is no
clear distribution pattern and the residuals appear to be equally variable across the entire range of
fitted values, except for a few values in which their observation IDs are numbered. Considering
the very large sample size, this is completely acceptable. Although in the QQ plot, both the upper

and lower tales are a little bit off, the overall fit is great. The accumulative residual distribution

looks normal, too.

Similarly, the validation of the delta power model is displayed in Figure 15. From the

residuals vs. fitted plot, QQ plot, and accumulative residual distribution plot, there is no indication
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of non-linearity, heteroscedasticity, or substantial deviation from normality. This suggests that this
LASSO model fits very well. The variance inflation factor (VIF) values were also examined based
on best fit models. VIFs for all included variables are less than 2 (data not shown), indicating there

is no concern for multicollinearity in these two models.
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Figure 14 Residual analysis for the percentage of slow-wave sleep LASSO model
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4.0 Discussion and Conclusion

Our final manipulated dataset contains 2767 observations and 44 variables, including 2
outcomes. To identify the relationship between predictor variables and response variables,
different multiple regression methods can be used to fit the models, such as ordinary least squares
and ridge regression. In order to increase the interpretability and avoid overfitting, it is necessary
to reduce the variable dimension and select an appropriate model based on different criteria such
as Akaike’s Information Criterion (AIC), Schwarz’s BIC, R?, and adjusted R?**. LASSO is one of
the most commonly used statistical learning approaches to perform shrinkage and selection via the
L1 regularization method *. LASSO selection and shrinkage is much easier and faster
computationally than other automatic variable selections such as the forward, backward and
stepwise method. The prediction accuracy is high because shrinking and removing coefficients can
reduce variance without a substantial increase in bias. Moreover, eliminating irrelevant variables
that are not associated with the response variable helps to increase the model interpretability.

In this study, we fit LASSO regression models using optimal tuning parameter A based on
10 folds cross-validation results to estimate what variables can explain variance in delta power
spectra and percentage of slow-wave sleep. The past month sleep hours are positively associated
with the percentage of slow-wave sleep. This indicates that people with longer sleep time have
more “deep sleep.” Although last month’s sleep hours are not directly related to current sleep
quality, a positive association indicates that it is a useful predictor in the near future for people.
The longer the sleep time, the better and higher quality of sleep they will have. Among several
actigraphic wake-sleep variables, none of them are associated with the percentage of slow-wave
sleep. The amplitude is also a measure for physical activity positive. In general, the actigraphic
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measures are well correlated with PSG data, but it may not be very reliable for more specific
measures such as sleep efficiency !' *°. The MESOR is an averaged activity of 24 hours and may
not be a clinically meaningful measure because the MESOR value is reflected in both day and
night activity *°. For delta power analysis, the mean sleep minutes is negatively associated with
delta power (Table 7). Delta power is a measure of slow-wave sleep intensity and related to prior
sleep and wakefulness *°. Prior deprivation of sleep will enhance the delta power, while too much
sleep will cause a decrease of delta power °. In our study, the negative relationship may simply
be an indicator of too much sleep. However, it is noted that delta power can be regulated by non-
sleep related effectors such as Benzodiazepine, which can inhibit EEG delta power 3. Some
actigraphic parameters are not included in this study, which include shape parameter alpha (the
relative width of the activity peak compared with rest periods), beta (the slope of the curve, with
higher values suggesting a sharper transition between rest and activity periods), and down MESOR
(approximating the time to ‘settle down’ for the night) 2. Fitting these parameters into the models
may provide useful information to predict sleep quality.

Aging is usually considered a common factor associated with changes in sleep patterns *!
42 Our results reveal that an increase in age is negatively associated with both percentage of slow-
wave sleep and delta power, which is consistent with previous findings *! *2. The obstructive apnea-
hypopnea index is negatively associated with both the percentage of slow-wave sleep and delta
power. The more severe patients’ obstructive apnea-hypopnea is, the lower percentage of slow-
wave sleep they have, which has an in other previous studies *.

There is increasing evidence showing a relationship between slow-wave sleep and diabetes.
Suppression of slow-wave sleep increases the risk of developing type II diabetes !. In our study,

diabetes has a positive effect on both delta power and percentage of slow-wave sleep. The
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relationship between diabetes and sleep could be bidirectional; a similar phenomenon was
described between exercise and sleep *.

An increase in BMI indicates overweight/obesity, which is associated with an increased
risk of many diseases including diabetes and cardiovascular diseases. Our analysis showed an
increase in BMI attributed to both the lower level of percentage of slow-wave sleep and delta
power. It was suggested that the link between overweight/obesity and altered sleep quality is due
to compromised non-rapid eye movement sleep *°.

Interestedly, the race has a negative correlation with delta power and percentage of deep
sleep. Compared to white people, black or other ethnic groups displayed lower delta power and a
lower percentage of slow-wave sleep, which could be related to lower or unstable socioeconomic
status *°. Alcohol and many medications could interfere with sleep patterns and affect sleep quality
424750 Our results showed that corticosteroids can increase the deep sleep duration and delta
power, which is not consistent with some other studies ***’, while benzodiazepine and NSAIDS
have the opposite effect. The effect of corticosteroids on sleep may not be due to the medication
itself but may be related to its treatment and improvement for some underlying diseases.
Parkinson’s disease is usually related to poor sleep quality °!, but a recent study indicated that a
higher accumulated power of slow waves was associated with slower motor progression,
particularly of axial motor symptoms in Parkinson’s disease. 22. In our dataset, 1% of participants
have Parkinson’s disease. It would be interesting to know if slow waves are related to their disease
progress and motor function in this group of Parkinson’s disease cases. Many diseases are related
to sleep disorders including kidney disease 2, heart failure '®, and Alzheimer’s disease >°. Our
results indicate a positive association between kidney diseases and percentage of deep sleep.

Kidney diseases are a large group of different disorders. Different disorders and different stages
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of kidney function could have different clinical phenotypes. Higher Blood urea nitrogen (BUN) is
related to daytime sleepiness in chronic kidney disease®®. It is not clear if the BUN level also
attributed the change in slow-wave sleep.

Physical activity has long been associated with better sleep. Exercise is thought to be a
nonpharmacologic intervention for disturbed sleep °>>’. However, some studies report that this
correlation is weak >®. Our data showed physical activity, as well as amplitude, has no significant
association with delta power or percentage of deep sleep (Table 4, Table 7), This inconsistency
could be associated with the time of physical activity. The significant interaction between physical
activity and the time spent outdoors was reported >°, which showed increasing time outdoors in the
afternoon (versus morning) predicted lower sleep efficiency.

The incompleteness of data is a very common problem for data analysis. Removing missing
variables will lose some important information. Multiple imputations (MI) is now widely used to
handle missing data. Although imputed data, particularly in the dependent variable, may add some
noise for analysis, performing assay using multiple imputations and calculating the mean is quite
reliable (Table 6).

Although LASSO regression is a very powerful approach to reduce the high dimensionality
within a dataset and to identify important variables, LASSO does not evaluate whether you have
chosen the correct form of the relationship between the independent and dependent variable(s).
The tuning parameter, A, is an important parameter to determine the model selection. If we choose
A for minimum mean squared error, in the model for the percentage of slow-wave sleep, the Amin
selected by the model seems the best according to Figure 10. However, in the model for delta
power, the penalty power from Amin is weak and many noise variables are included in the initial

model (Figure 13). The best A range is between Amin and one standard error of the Amin O Alse
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(between two vertical dashed lines). In our model (Figure 12), the log lambda level increase from
-6.1 to -5.3 does not substantially change the mean squared error but significantly increases the
penalty power. We remodeled the linear regressing using A = exp™- and the variables selection is
much improved and many noise variables including COPD, hypertension, congestive heart failure,
and physical activity were removed (Table S, Table 7). The model fits well, looks simple, and is
easy to interpret.

In conclusion, we used the LASSO linear regression to model the correlation between the
two outcome variables, percentage of slow-wave sleep and delta power, and 40 other predictors
including actigraphic rest-activity rhythm variables, subjective sleep variables, chronic diseases,
medications, and other demographic/lifestyle factors. The tuning parameters were selected based
on 10-fold cross-validations. The model fitting is appropriate. Our study showed that longer past
month sleep hours, good mental performance score, and corticosteroids are positively associated
with a higher percentage of slow-wave sleep and high delta power. Age, body mass index,
obstructive apnea-hypopnea index, benzodiazepine, race, alcohol drinks, and mean minutes scored
as sleep are negatively associated with either percentage of slow-wave sleep, delta power or both.
These multimodal regression models help the researcher to identify what factors are associated
with participants’ two important sleep parameters related to sleep quality and sleep homeostasis
and provide important information for future sleep study and potential development of some
treatment strategies to preserve SWS/delta power in aging. However, some actigraphic sleep
variables such as alpha, beta, and down-Mesor are not included in this study, but they may play an
important role to study sleep quality in the future. Possible interactions between variables could
exist, such as between medication and some diseases, or between physical activity and actigraphic

measures. We did not consider the interaction term in this study but could include this in future
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analysis. LASSO performs automatic selection and shrinking, but sometimes this may not be
optimal. If there are strong correlations among variables, LASSO may only select one as a
parameter group, in this situation, we may consider using sparse group LASSO or elastic net
regularization %°. Scientific background and manual checks could improve variable selection and

make the result more meaningful and easier to interpret.
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