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Abstract

Insomnia is a highly prevalent and distressing sleep disorder that is strongly associated
with poor health among older adults. Cognitive-behavioral therapy for insomnia (CBT-I) is an
evidence-based treatment for insomnia. Clinicians use patients’ daily sleep diaries to monitor and
modify treatment during each of eight sessions. Prior research on CBT-I, however, attempts to
draw conclusions about the course of CBT-I by analyzing changes from pre-intervention to post-
intervention only. The objective of this study was to more closely match clinical care by
assessing dynamic changes in sleep characteristics and pre-sleep arousal during the course of
CBT-I to predict treatment response.

Ninety-four older adults (Mage = 68) completed daily sleep diary data for twelve weeks
(Mdays= 70) before, during, and after CBT-I. Diary data were used to assess pre-sleep arousal,
sleep latency, efficiency, quality, duration, wake after sleep onset, and alertness. We assessed
dynamic changes in sleep and pre-sleep arousal by latent growth curve modeling, as well as their
bidirectional association by random-intercept cross-lagged panel modeling. We used these
models to predict treatment outcome, defined as the change in the Insomnia Severity Index score
from pre- to post-intervention.

All models of change were best characterized by non-linear quadratic terms. We
observed substantial improvements in wake after sleep onset, sleep efficiency, sleep duration,

and sleep quality. We also observed statistically significant, yet less substantial, changes in pre-



sleep arousal and alertness. In models of bidirectional associations, higher levels of alertness
assessed at one timepoint predicted subsequent lower levels of pre-sleep arousal at the next
timepoint when adjusted for previous levels of both variables. Greater improvements in sleep
efficiency and sleep quality predicted better treatment outcomes, whereas sharper initial declines
in alertness portended poorer treatment outcomes. Pre-intervention data did not predict treatment
outcome.

This study was the first to our knowledge to apply advanced statistical methods to model
the dynamics of sleep and pre-sleep arousal data collected throughout the course of CBT-1. Our
results demonstrate that documenting and observing changes during therapy has added benefit

for effective patient care over contemporary pre-post intervention analyses.
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1.0 Introduction

Insomnia is prevalent among adults over the age of 60 in the United States. Half of older
adults experience symptoms of insomnia: difficulty initiating sleep, difficulty maintaining sleep,
and/or early morning awakenings (Patel et al., 2018). Twelve to 20% of older adults meet criteria
for insomnia disorder, which occurs when these symptoms are chronic and associated with
distress or functional impairments (American Psychiatric Association, 2013a; Patel et al., 2018).
The fact that over 11 million older adults experience insomnia disorder is concerning, because
meta-analytic evidence has demonstrated that insomnia is associated with increased risk of
developing other psychiatric disorders, cardiovascular disease, and all-cause dementia (de
Almondes et al., 2016; Hertenstein et al., 2019; Sofi et al., 2014). Insomnia is also associated
with increased health care utilization and higher all-cause medical costs (Wickwire et al., 2019).
Thus, optimizing treatment of insomnia among older adults is critical for reducing clinical
distress, improving nighttime sleep and daytime functioning, and preventing downstream
negative health consequences.

Cognitive-behavioral therapy for insomnia (CBT-1) is a frontline, evidence-based
treatment that improves symptoms of insomnia (Edinger et al., 2021). Understanding the process
of therapeutic change during CBT-I is important for treatment refinement and improving the
translation of findings from research to clinical practice (Schwartz, 2012). A systematic review
identified that improvements in sleep characteristics and reductions in arousal were statistical
mediators of the effect of CBT-I on insomnia symptoms (Schwartz, 2012). However, the
reviewed studies only examined changes from pre-intervention to post-intervention when the

patient has already left the clinic. Identifying dynamic processes that predict treatment outcomes



during CBT-1 is critical, because this will allow clinicians to identify and resolve these problems
when the patient is still engaged in treatment.

The current study evaluated linear and non-linear changes in sleep characteristics and
pre-sleep arousal among older adults during an 8-week CBT-I intervention. These features were
chosen because they are known markers of effective treatment. We assessed these changes in
treatment markers in several ways: their rate and shape, their bidirectional associations, and their

ability to predict improvements in insomnia symptoms.

1.1 Assessment of insomnia disorder

Individuals meet diagnostic criteria for insomnia disorder if they experience difficulty
initiating sleep, difficulty maintaining sleep, and/or early morning awakenings. These symptoms
must occur at least three nights per week for at least three months, and they must also be
associated with clinically significant distress or impairment (American Psychiatric Association,
2013a). Importantly, insomnia disorder is not equivalent to sleep deprivation, and occurs despite
the adequate opportunity for sleep (American Psychiatric Association, 2013a). Insomnia disorder
is also not explained by other psychiatric disorders, medical conditions, sleep-wake disorders, or
the effects of a substance (American Psychiatric Association, 2013a).

According to a clinical guideline paper by the American Academy of Sleep Medicine
(AASM), the standard for insomnia disorder assessment is a clinical interview with detailed
guestions about sleep history, medical history, substance use history, and psychiatric history for
differential diagnosis (Schutte-Rodin et al., 2008). Clinicians might choose to ask questions

about the chief problem, circumstances surrounding onset, daytime consequences, current sleep-



wake schedule, the factors that are maintaining the sleep problems (in the behavioral, cognitive,
work, and family/social domains), and medications that may affect sleep (Ong et al., 2021).
These methods are also rated as “essential” for treatment efficacy studies, per an expert panel on
the research guidelines for assessing for insomnia disorder (Buysse et al., 2006).

In the clinical guidelines, it is recommended that a measure be administered to identify
comorbid disorders of sleepiness, such as the Epworth Sleepiness Scale (Johns, 1991; Schutte-
Rodin et al., 2008). Polysomnography is not routinely recommended for assessing insomnia,
except when there is suspicion of breathing or movement disorders (Schutte-Rodin et al., 2008).
There is inconclusive evidence supporting the use of actigraphy for clinical diagnosis of
insomnia Schutte-Rodin et al., 2008). In contrast to clinical guidelines, the research guidelines
for treatment efficacy studies indicate that polysomnography should be used to screen all
participants for comorbid sleep disorders, and either actigraphy or polysomnography should be
included as outcome measures (Buysse et al., 2006).

Both clinical and research guidelines recommend that daily sleep diaries be administered
for one to two weeks pre-intervention to establish sleep patterns and to rule out circadian rhythm
sleep-wake disorders (Buysse et al., 2006; Ong et al., 2021; Schutte-Rodin et al., 2008). Daily
sleep diaries can be used to assess several sleep characteristics each morning, including sleep
latency, wake after sleep onset (WASQ), sleep duration, sleep quality, and alertness. Sleep diary
data have indicated that insomnia disorder is characterized by poor sleep efficiency, long sleep
latency, high WASO and poor sleep quality (Gooneratne et al., 2011). Low levels of daytime
alertness and short sleep duration also often occur in the context of insomnia, but are not a
necessary feature of the disorder (Ancoli-Israel & Martin, 2006; cf Fortier-Brochu et al., 2012;

Gooneratne et al., 2011; Hall et al., 2021).



Sleep diary data can also be used to measure pre-sleep arousal. Pre-sleep arousal is the
experience of cognitive arousal (worry, ruminations) and somatic arousal (heart racing, tense
muscles, upset stomach) before bedtime (Nicassio et al., 1985). Pre-sleep arousal is a specific
type of anxiety, which is similarly comprised of cognitive and somatic arousal components
(Byrne, 2004). However, anxiety may occur throughout the 24-hour period, whereas pre-sleep
arousal is more closely linked to symptoms that occur when the individual attempts to fall asleep.
Individuals with insomnia report higher levels of pre-sleep arousal compared to individuals
without insomnia (Jansson-Frojmark & Norell-Clarke, 2012; Nicassio et al., 1985). Therefore,
monitoring pre-sleep arousal contributes to understanding the etiology of insomnia as well as

identifying potential pathways of effective treatment.

1.2 Treatment of insomnia disorder

Insomnia disorder may be treated with cognitive-behavioral interventions,
pharmacological interventions, or a combination of both. The two most common prescription
medications for the treatment of insomnia are zolpidem (Ambien), a benzodiazepine receptor
agonist, and trazadone, a serotonin antagonist and reuptake inhibitor (Bertisch & Buysse, 2021).
Meta-analytic evidence has demonstrated that these medications have larger effects on insomnia
symptoms compared to placebo control (Sateia et al., 2017). One advantage of these medications
is that they have a rapid onset of action (approximately 30 minutes; Bertisch & Buysse, 2021).
The most commonly used non-pharmacological intervention is CBT-I, which typically occurs in
eight weekly 50-minute sessions, with maximal benefits apparent within 2-3 weeks (Morin et al.,

2014). A comparative meta-analysis of behavioral treatment and pharmacotherapy suggested that



they are equally beneficial in the short-term to improve insomnia symptoms and sleep
characteristics (Smith et al.,, 2002). In the long-term, CBT-I continues to show reductions in
insomnia symptoms at follow-up visits occurring 12-months after treatment (Trauer et al., 2015),
whereas the Food and Drug Administration has only approved the short-term use of
pharmacologic treatment (4 to 5 weeks; Qaseem et al., 2016). Because pharmacologic therapy
can be associated with adverse events (e.g., serious injury, fractures) and is only recommended in
the short-term, the American College of Physicians recommends CBT-I as the front-line
treatment for insomnia (Qaseem et al., 2016). This means that leading experts in internal
medicine endorse non-pharmacological treatment - typically provided by a psychologist - for
insomnia treatment.

The benefits of CBT-I instead of pharmacologic therapy are especially evident among
older adults. In this population, the use of sedative-hypnotics is discouraged due to increased fall
risk (Bertisch & Buysse, 2021). There is also a greater likelihood of drug-drug interactions, as
older adults are more likely than younger adults to be managing comorbid medical conditions
with other medications (Bertisch & Buysse, 2021). Therefore, there are even fewer reasons to
select pharmacologic treatment in this population, and CBT-1 is strongly recommended (Hughes

& Martin, 2021).

1.3 Components of CBT-I

CBT-I is a multi-component treatment which includes psychoeducation, behavioral
recommendations, and cognitive therapy. The clinician may vary the focus of treatment based on

the patient’s specific concerns and their daily sleep diary data. Though the timing may vary by



protocol or patient, typically the clinician introduces psychoeducation and behavioral

recommendations in the first session, and cognitive therapy in the second session. In sessions 3-
8, the clinician works with the patient on titration, compliance, and relapse prevention. Here, we
will provide an overview of the key components occurring in sessions 1 and 2 (for more details,

see CBT-1 manuals; Edinger & Carney, 2015; Perlis, Jungquist, Smith, & Posner, 2005).

1.3.1 Psychoeducation about sleep

The clinician introduces models of sleep and insomnia both to provide education, as well
as the rationale for the behavioral recommendations (Edinger & Carney, 2015). First, the
clinician describes Borbély’s two process model of sleep regulation, which states that sleep is
influenced by the interrelation between the homeostatic sleep drive (Process S) and the
biological clock (Process C; Borbély et al., 2016). This model suggests that sleep is impacted by
both the buildup of sleep drive during the day, as well as the time of day at which an individual
is trying to sleep. Optimal sleep-wake patterns occur when both sleep drive and the circadian
sleep propensity are sufficiently high. According to this model, individuals with insomnia
experience suboptimal sleep-wake patterns because they are attempting to sleep when their sleep
drive is not sufficiently high, when their biological clock is signaling wakefulness, or both. Sleep
drive increases if the individual stays awake longer, and sleep drive decreases after a daytime
nap.

Next, the clinician explains Spielman’s 3P model of insomnia development, which
includes the predisposing, precipitating, and perpetuating factors of insomnia. Individuals are at
higher risk for developing insomnia disorder if they experience predisposing factors, such as a

family history of sleep disorders or a personal history of difficulty sleeping. Insomnia symptoms



initially develop in the context of precipitating factors, such as a stressful life event that triggers
an acute episode of insomnia which lasts for several nights. Finally, the insomnia symptoms may
develop into a chronic disorder that lasts for months due to perpetuating factors, such as poor
sleep behaviors that maintain the symptoms of insomnia (Spielman et al., 1987).

Finally, the clinician discusses classical conditioning as it applies to insomnia.
Individuals with insomnia often associate the stimulus of the “bed” with a variety of behaviors
(e.g., lying in bed awake for long periods of time) and emotions (e.g., frustration, worry) that are
not simply “sleep” (Perlis et al., 2021). In fact, it has been proposed that classical conditioning
may be a fourth “P” of the 3P model, for “Pavlovian” (Perlis et al., 2021). This complex
conditioning history, in turn, causes individuals with insomnia to experience conditioned arousal
when they go to bed, which will interfere with sleep even if sleep drive is high and the biological
clock is signaling sleep (Perlis et al., 2021).

The clinician also discusses healthy sleep practices, sometimes referred to as sleep
hygiene. These behaviors, such as avoiding caffeine 6-8 hours before bedtime, are known to
benefit sleep, but are not the active components of treatment. The active components are the

behavioral recommendations and cognitive therapy.

1.3.2 Behavioral recommendations and cognitive therapy

During the first session of CBT-I, the clinician recommends three behavioral changes:
time in bed restriction, stimulus control, and regularizing wake-up time. Time in bed restriction
targets one of the perpetuating factors of insomnia from the 3 (or 4) P model, which is sleep
extension (Perlis et al., 2021). Time in bed restriction reduces time in bed to a smaller sleep

period, or “sleep window.” Typically, this restriction is approximately the patient’s sleep



duration plus 30 minutes, but among older adults a more modest restriction may be
recommended to minimize fall risk (Hughes & Martin, 2021). Time in bed restriction increases
the build-up of sleep drive (Process S) and thereby improves sleep efficiency. Once sleep
efficiency has improved, the clinician may experiment with expanding the sleep window slowly
to increase sleep duration. This process is a balancing act between increasing sleep duration but
maintaining high sleep efficiency. The expansion of the sleep window is sometimes necessary
because acute short sleep duration is associated with daytime sleepiness (Grandner et al., 2010),
and chronic short sleep duration may lead to adverse physical health consequences (Itani et al.,
2017).

The second behavioral change that the clinician recommends is stimulus control.
Stimulus control weakens the classically conditioned association between the bed and behaviors
and emotions that are not sleep. This is the “Pavlovian” P of the 4P model of insomnia (Perlis et
al., 2021). Patients are instructed to only use the bed for sleep (or sex). To accomplish this,
patients should only go to bed in the evening when they are sleepy, and to get out of bed if they
are not asleep (Edinger & Carney, 2015). The latter instruction is sometimes altered for older
adults — instead of getting out of bed, the instruction is to sit up in bed and give up the effort to
fall asleep (called “counter-control” and is aimed to reduce fall risk, Hughes & Martin, 2021;
Carney & Danforth, 2021). The AASM clinical guideline for CBT-I noted that the risk of
nighttime falls is small, temporary, resolves during treatment, and generally tolerable (Edinger et
al., 2021).

The third behavior change that the clinician recommends is to maintain a consistent
wake-up time every day of the week, regardless of the previous night’s sleep. This aids in setting

the biological clock and, if adhered to even on a poor night’s sleep, can help to build sleep drive



(Evans & Hasler, 2021). Circadian misalignment may lead to several perpetuating factors of
insomnia. One may be that the insomnia symptoms are time dependent, but the patient is trying
to go to bed or wake up at a different time due to work or social demands. Another may be that
on free days, the patient shifts the timing of the sleep schedule and may also extend their sleep
duration (Evans & Hasler, 2021).

During the second session of CBT-I, cognitive therapy techniques are introduced to help
resolve both the precipitating and perpetuating factors of insomnia (Perlis et al., 2021). For
example, some patients may experience excessive worry about not getting eight hours of sleep,
and others may be attentionally biased to how poor their daytime functioning will be (Morin et
al., 2007). Cognitive therapy techniques that have been used successfully for other disorders can
reduce unhelpful beliefs about sleep, the behaviors that perpetuate these beliefs, and bedtime
worry. These techniques include the identification and discussion of sleep-related automatic
negative thoughts, behavioral experiments to test one’s misperception of sleep, and comparing
how one sleeps on nights with and without monitoring the clock (Harvey et al., 2005). Previous
research has demonstrated that this combination of behavioral and cognitive therapy reduces
insomnia symptoms, though there is a disconnect between how these changes are measured in

the clinic compared to in the laboratory.

1.4 CBT-I outcomes

The use of daily sleep diary data is essential in clinical care, and is all but ignored in
research studies. Each CBT-I session begins with reviewing the daily sleep diary collected over

the past 1-2 weeks (Schutte-Rodin et al., 2008). The clinician reviews this collaboratively with



the patient to identify patterns, such as shifts in sleep timing, as well as changes in sleep duration
or continuity (Evans & Hasler, 2021). Data from the sleep diary are then used to guide the
treatment session. For example, if the patient has experienced a large improvement in sleep
efficiency but continues to feel some decrements in alertness, then the clinician may recommend
that they increase their sleep window. The use of diary data during CBT-1 is consistent with
measurement-based care, a patient-centered approach that uses data collected during treatment to
inform whether patients are making progress, and if not, informs whether changes need to be
made (Shimokawa et al., 2010). The importance of the sleep diary cannot be overstated, and
some clinicians argue that CBT-I treatment cannot occur unless the patient has completed the
diary (Perlis, 2017). However, previous CBT-I research does not match this clinical emphasis.
Most CBT-I research studies only examine changes in insomnia symptoms or sleep
characteristics from pre-intervention to post-intervention. The primary outcomes are the
percentage of participants who experience a reduction in insomnia symptoms (responders), and
the percentage of participants who experience a reduction in symptoms to a level below a clinical
threshold (remitters). A recent AASM clinical practice guideline included meta-analyses of 49
randomized controlled trials of CBT-I and reported clinically significant improvements in
insomnia symptoms, response rates, and remission rates from pre-intervention to post-
intervention (Edinger et al., 2021). Additional outcomes for CBT-I studies may include an
evaluation of improvements in sleep characteristics and pre-sleep arousal, which have been
identified as statistical mediators of treatment outcomes (Schwartz & Carney, 2012). The AASM
meta-analysis demonstrated that CBT-I had a significant impact on diary-assessed sleep
characteristics (latency, wake after sleep onset, efficiency, duration, sleep quality; Edinger et al.,

2021). A meta-analysis of 13 intervention studes indicated that CBT-I reduced daytime
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sleepiness as assessed with a self-reported retrospective questionnaire (Benz et al., 2020).
Several individual studies have shown that CBT-I reduces pre-sleep arousal (Vincent &
Lewycky, 2009; Wu et al., 2006). These previous studies are limited by only examining changes
from pre- to post-intervention, which fails to capture the dynamic therapeutic processes that
occur. This analysis is a limitation because it does not (a) identify factors for clinicians to
intervene on when the patient is still in treatment, (b) align with how clinical care occurs outside

of the laboratory, or (c) allow for non-linear change.

1.5 Change in sleep and mood during CBT-I

Only four previous studies have examined dynamic changes in sleep during CBT-I, and
only two studies have examined dynamic changes in depression and anxiety during the course of
CBT-I. These existing studies provide a clearer understanding of therapeutic processes, as well
as identifying subgroups of patients who respond optimally to treatment.

Sleep characteristics have been shown to change non-linearly during the course of CBT-I.
In a small (n = 16) study of time in bed restriction only (i.e., no other components of CBT-I),
subjective sleepiness increased over the first two weeks of treatment, but then subsequently
decreased, which closely matched changes in the diary-assessed sleep window (Kyle et al.,
2014). In a small (n = 11) study of Veterans with comorbid insomnia disorder and alcohol use
disorder, CBT-I was associated with an initial decrease, then subsequent increase in sleep
latency; there was no treatment effect on WASO or sleep duration (Chakravorty et al., 2019). In
a small (n = 12) study of adolescents with concussion symptoms, CBT-I was associated with

quadratic effects for sleep efficiency and sleep latency (initial improvements), a linear increase in
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sleep duration, and no significant change in WASO (Tomfohr-Madsen et al., 2020). In the largest
study to date on sleep changes during CBT-I (n = 80), it took two to three weeks for sleep
continuity measures to reach their maximal improvement (defined as the time at which their
change was nearly equivalent to the change by the end of intervention; Morin et al., 2014). Three
of these studies were likely statistically underpowered to detect non-linear changes, and the study
with the largest sample size did not test for non-linear changes (Morin et al., 2014). Two of these
studies were conducted in samples with comorbidities (Chakravorty et al., 2019; Tomfohr-
Madsen et al., 2020), which may limit the generalizability to other patient populations.

Previous studies have observed varying rates of change and varying degrees of
improvement (i.e., individual differences) in anxiety and depression during CBT-I. One study of
internet-based CBT-I (SHUTI) showed that anxiety and insomnia symptoms improved by the
second week of treatment, and depressive symptoms improved by the fourth week, relative to a
control group (Batterham et al., 2017). A second study examined CBT-I for individuals with
insomnia and comorbid major depressive disorder, and demonstrated that there were three
classes of responders in terms of depressive symptoms: partial-responders (68.9% of the sample),
initial responders (17.6%) and optimal responders (13.5%; Bei et al., 2018). These studies did
not evaluate the relationship between changes in sleep characteristics and changes in anxiety or
depression across the course of treatment, though previous observational evidence suggests that
they are bidirectionally associated (Winzeler et al., 2014).

Taken together, these studies indicate that there are non-linear changes in treatment
markers during CBT-I, and that these changes may occur at varying rates. Only one study tested
whether these changes predicted treatment outcome, which informs whether these analyses are

clinically useful. However, this previous study did so by dividing participants into three
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categories of change (low, medium, and high), which limited their statistical power (Morin et al.,
2014). None of these studies tested whether changes in sleep characteristics and pre-sleep arousal
may be associated with each other, which would improve our understanding of the time course of

changes during treatment.

1.6 Overview of the current study

This study was designed to fill some of the gaps of previous studies. We assessed weekly
dynamic changes in sleep characteristics and pre-sleep arousal during the course of CBT-I
among older adults with insomnia. We accomplished this using statistical modeling strategies
that optimized our statistical power, and in the largest sample size of sleep characteristic changes
to date.

First (Aim 1), we tested how sleep characteristics and pre-sleep arousal changed over the
intervention. We hypothesized that sleep latency and wake after sleep onset would decrease,
sleep duration and alertness would initially decrease and then increase (due to time in bed
restriction), and sleep quality and sleep efficiency would increase. We hypothesized that pre-
sleep arousal would decrease during CBT-I.

Second (Aim 2), we assessed whether changes in sleep were associated with subsequent
changes in pre-sleep arousal. We hypothesized that there would be a bidirectional association
between sleep and pre-sleep arousal, such that better sleep would be associated with subsequent
reductions in pre-sleep arousal, and conversely, that reduced pre-sleep arousal would be

associated with subsequent improvements in sleep.
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Third (Aim 3), we evaluated the extent to which baseline (intercept) and dynamic (slope)
measures were associated with treatment response, defined as improvement in global insomnia
symptoms. We hypothesized that, at baseline, sleep characteristics would be worse (e.g. higher
sleep latency, lower sleep efficiency) and pre-sleep arousal would be higher for treatment
responders. We hypothesized that, during the intervention, larger improvements in sleep
characteristics and larger reductions in pre-sleep arousal would be associated with positive
treatment response. The results of this aim inform whether analyzing data collected during the

intervention is necessary, or whether pre-post intervention analyses are sufficient.

14



2.0 Methods

The current study includes data from a CBT-I study conducted within the NIH-funded
program project “AgeWise: Aging Well, Sleeping Efficiently” (PO1 AG20677). The intervention
occurred at Western Psychiatric Institute and Clinic in Pittsburgh, PA from 2010-2015.
Participants were recruited through community advertisement or referral and provided written
informed consent in accordance with the Internal Review Board (IRB) at the University of
Pittsburgh. Financial compensation was provided for participation. The primary aim of the
program project was to identify the biological and psychological correlates of insomnia and
insomnia treatments in older adults. Some of the results of the CBT-I study have been published

elsewhere (Kay et al., 2015). The current study represents secondary analyses of data.

2.1 Inclusion and exclusion criteria

Participants were included if they were over the age of 60, were not experiencing
cognitive difficulties (defined as a score greater than or equal to 27 on the Mini Mental Status
Exam) and had no untreated psychiatric conditions or sleep disorders other than insomnia.
Individuals were defined as meeting criteria for insomnia disorder if they (1) met Diagnostic and
Statistical Manual-1V-Text Revision (DSM-1V-TR) criteria for primary insomnia; (2) met
International Classification of Sleep Disorders (ICSD-2) criteria for general insomnia; and (3)

had a score greater than 10 on the Insomnia Severity Index (ISI; Bastien et al., 2001).
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During screening, participants completed 2-4 weeks of a daily sleep diary, underwent an
overnight polysomnography sleep study to rule out significant sleep apnea (presence of daytime
symptoms and an apnea-hypopnea index — defined as the number of breathing pauses or shallow
breathing episodes per hour of sleep — greater than 20), physical examination and medical
review by a study physician, and clinician-administered questionnaires. Individuals were
excluded if they reported use of medications that affect sleep in the past month or use of beta
blockers. They were excluded if, according to their screening daily diary, they reported
consumption of more than 14 alcoholic drinks per week or more than 6 alcoholic drinks in any
one day. Individuals were also excluded if the study physician deemed that they had an unstable
medical condition or a condition affecting the central nervous system. Figure 1 depicts the study

flow chart.
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after first session (n = 1)
Discontinued from study due to non-compliance
after first session (n = 2)
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(n =94)

study

Not analyzed in this

Figure 1 Study design
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2.2 Study design

Baseline sleep diary data were collected for 1-2 weeks (M = 8.9 days, SD = 4.2). The first
session of the intervention occurred two to four weeks after participants completed baseline
diaries. The CBT-I intervention was administered in eight weekly 50-minute individual, in-
person sessions. Participants completed daily diary data during the intervention for
approximately 8 weeks (M = 55 days, SD = 8.4). Participants also completed daily diary data for
1-2 weeks post-intervention (M = 6.7 days, SD = 3.3), which occurred immediately after the last
session. Figure 2 presents a schematic of the daily diary data collected before, during, and after

the intervention.
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Figure 2 Daily diary assessment
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The first CBT-I session included psychoeducation about sleep and an introduction to the
behavioral recommendations (stimulus control, sleep restriction, and consistent wake-up time).
Six specific instructions were presented: (1) select a standard wake-up time; (2) use the bed only
for sleeping; (3) get up when you can’t sleep; (4) don’t worry, plan, etc., in bed; (5) avoid
daytime napping; (6) go to bed when you are sleepy, but not before the time suggested. The
second session introduced cognitive therapy components, including cognitive restructuring and
constructive worry (Edinger & Carney, 2015). Sessions 3-8 included adjustments to the sleep
window, encouragement, review, and reinforcement of treatment recommendations, and

developing strategies to address barriers to adherence.

2.3 Measures

2.3.1 Daily diary

Participants received bound booklets of daily sleep diaries to complete each morning
immediately after waking up (the Pittsburgh Sleep Diary; Monk et al., 1994). Figure 2 (on the
previous page) shows the collection strategy of daily diary data. The first page of the booklet was
completed as an example. During screening, study staff explained each prompt in the diary to the
participant and elicited questions. Participants were instructed that if they forgot to fill out a

diary, to skip that day and fill out only the current day’s diary, to reduce recall bias.
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2.3.1.1 Sleep characteristics

Bedtime was defined by the participant’s response to: “Last night | got into bed at (__:
AM or PM).” Wake-up time was defined as “This morning, I finally woke at (__:  AM or
PM).” These definitions of sleep timing are consistent with instructions from CBT-I to minimize
time spent awake in bed. Sleep latency was defined as “I think it took me about (response)
minutes to fall asleep.” Wake after sleep onset was defined as “In total, these awakenings lasted
(response) hours and (response) minutes (the TOTAL time | was awake between the time | first
fell asleep and finally awakened).” Total sleep time was calculated as the number of minutes
between sleep onset (bedtime plus sleep latency) and wake-up time, removing wake after sleep
onset. Sleep efficiency was calculated as total sleep time divided by time in bed (wake-up time
minus lights out time) multiplied by 100. If a participant’s calculated total sleep time or sleep
efficiency was less than zero (due to a short time in bed and long sleep latencies or wake after
sleep onset), we set the value to zero.

Sleep quality and alertness upon awakening were assessed using a visual analogue scale
(VAS) that was 100 mm. Scores range from 0-100. Participants used an “X” to indicate where on
the VAS they would rate their sleep. For sleep quality, the VAS prompt was: “The quality of my
sleep last night was” and the scale was anchored by the terms “very bad” (0) to “very good”
(100). For daytime alertness, the VAS prompt was: “My alertness when I finally woke up this

morning was” and the scale was anchored by the terms “very sleepy” (0) to “very alert” (100).

2.3.1.2 Pre-sleep arousal
Pre-sleep arousal was assessed daily using a VAS that was 100 mm, and therefore scores
ranged from 0-100. There were three pre-sleep arousal items: “Last night at bedtime I felt

mentally alert/active;” “Last night at bedtime I had trouble shutting off my thoughts;” and “Last
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night at bedtime I felt worried.” All three of these items had scales that were anchored by the
terms “not at all” (0) to “very much” (100).

These three items were taken from the Pre-Sleep Arousal Scale, which is a 16-item
measure of somatic and cognitive components of pre-sleep arousal (Nicassio et al., 1985). All
three items measured cognitive components of arousal. The Pre-Sleep Arousal Scale has been
shown to have high internal consistency (Cronbach’s @ = 0.76) and high test-rest reliability (a =
0.72, Nicassio et al., 1985). It has also been shown to have good discriminant validity between
individuals with insomnia, poor sleepers, and normal sleepers (Jansson-Fréjmark & Norell-
Clarke, 2012). The Pre-Sleep Arousal Scale is correlated at a moderate to good level with other
measures assessing anxiety, depression, and dysfunctional beliefs about sleep (Jansson-Frojmark
& Norell-Clarke, 2012; Nicassio et al., 1985).

In our study, we evaluated whether our three daily diary items taken from the Pre-Sleep
Arousal Scale represented one underlying factor. To do so, we first examined the correlations
among the three daily diary items (averaged over the two weeks at baseline). We then examined
the degree to which these three items and a composite score of the three items (average of the
three items) correlated with the 16-item Pre-Sleep Arousal Scale and other measures associated

with insomnia,* anxiety,? depression®, and mental health* (Table 1, shown on the next page).

! Hyperarousal Scale (Pavlova et al., 2001), Ford Insomnia Response to Stress Test (Drake et al., 2004) and
Dysfunctional Beliefs About Sleep-Brief Version (Morin et al., 2007)

2 State Trait Anxiety Inventory, (Spielberger et al., 1983), Penn State Worry Questionnaire (Meyer et al., 1990)

3 patient Health Questionnaire-9 (Kroenke et al., 2001), Inventory of Depressive Symptomatology (Rush et al., 1986)

4 Medical Outcomes Study, Mental Health Index (Tarlov et al., 1989)
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Table 1 Correlation of daily diary items on pre-sleep arousal with other scales

Bedtime
Pre-sleep
Bedtime Bedtime Bedtime Arousal
Worry Thoughts  Alert/Active  Composite
Bedtime Thoughts 0.66*
Bedtime Alert/Active 0.21 0.29
Bedtime Pre-Sleep Arousal Composite 0.78* 0.83* 0.69*
Pre-Sleep Arousal, Cognitive Subscale 0.36 0.52* 0.26 0.49*
Pre-Sleep Arousal, Somatic Subscale 0.05 0.09 0.03 0.07
Pre-Sleep Arousal Scale 0.33 0.49* 0.24 0.46*
Hyperarousal Scale 0.31 0.31 0.16 0.33
Ford Insomnia Response to Stress Test 0.21 0.20 0.14 0.23
Dysfunctional Beliefs and Attitudes Towards Sleep 0.02 -0.03 -0.08 -0.04
State Trait Anxiety Inventory, Trait Scale 0.41* 0.25 -0.08 0.23
Inventory of Depressive Symptomatology 0.16 0.10 -0.19 0.01
Patient Health Questionnaire-9 0.01 -0.05 -0.22 -0.12
Medical Outcomes Study, Mental Health Index -0.39 -0.34 0.03 -0.29

Notes. Bedtime worry is the daily diary question “Last night at bedtime I felt worried”’; bedtime thoughts is the daily diary question
“Last night at bedtime I had trouble shutting off my thoughts”; bedtime alert/active is the daily diary question “Last night at bedtime |
felt mentally alert/active”. The bedtime pre-sleep arousal composite is the average of these three items.

* indicates p <.0001

Table 1 (shown above) demonstrates that the daily diary items “bedtime worry” (“Last
night at bedtime | felt worried””) and “bedtime thoughts” (“Last night at bedtime I had trouble
shutting off my thoughts”) were highly correlated with each other. Both of these items were
correlated with the Pre-Sleep Arousal Scale, the Hyperarousal Scale, and the Medical Outcomes
Study Mental Health Index. The item on “bedtime worry” was additionally moderately
correlated with State Trait Anxiety Inventory. The item on “bedtime alert/active” (“Last night at
bedtime I felt mentally alert/active”) was moderately correlated with “bedtime thoughts,” but
was not significantly correlated with any of the other scales, including the Pre-Sleep Arousal

Scale.
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Next, we conducted a multilevel confirmatory factor analysis, in which we tested whether
the three items loaded onto a single factor at both the within-person level and at the between-
person level.® The items on “bedtime worry” and “bedtime thoughts” had acceptable loadings at
the between- and within-person levels, whereas the item on “bedtime activation” did not load
strongly onto the pre-sleep arousal factor at either level (Figure 3, shown below). Based on these
results, as well as the correlations reported in Table 1 (on previous page), we excluded the
“bedtime alert/active” item from all future analyses and created a pre-sleep arousal factor score
by calculating the average of “bedtime worry” and “bedtime thoughts.” The term “pre-sleep

arousal” is used to describe this variable throughout the rest of this study.

Pre- Sleep

Arousal,

A=0.74 A=0.27

A=10.96

&, = 0.45 2.81 2.81 6, =092

Worry Thoughts Activation

5 =0.69

6 =0.85

A=0.56 A=0.38
Pre- Sleep
Arousal

Figure 3 Multilevel confirmatory factor analysis for the pre-sleep arousal construct

5> A factor loading cut-off of 0.40 was used, which indicates that 16% of the variance in the item is explained by the

factor (Yong & Pearce, 2013).
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2.3.2 Insomnia Severity Index

The Insomnia Severity Index (ISI) evaluates insomnia symptoms and associated clinical
distress using seven items; each item can be rated on a scale of 0 to 4, so that the total score
ranges from 0 to 28, with higher values indicating more severe insomnia (Bastien et al., 2001).
This measure has been demonstrated to be internally consistent (Cronbach’s alpha = (0.74), and to
have high concurrent validity compared to clinician ratings in a sample of older adults (Bastien
etal., 2001).

The IS1 was administered at baseline and post-intervention. We created a simple change
score variable for the ISI, calculated as the score at baseline minus the score at post-intervention.
This calculation means that higher change score values indicate a greater reduction in insomnia
symptoms. Insomnia responders were defined as participants whose ISI change score was greater
than or equal to an 8-point decrease. Insomnia remitters were defined as participants whose IS
score at post-intervention was less than 8 (indicating “no significant insomnia”). These cut-offs

are consistent with those of the AASM clinical practice guideline (Edinger et al., 2021).

2.4 Statistical analysis plan

Ninety-four participants provided data at baseline and during the intervention, and 64
participants provided post-intervention data. We calculated the average values of sleep

characteristics and pre-sleep arousal separately at baseline, during the intervention, and post-
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intervention. This means that, for example, each participant had one value for sleep efficiency at
baseline, one value for sleep efficiency during the intervention, and one value for sleep
efficiency at post-intervention. We used these data to examine the between-person correlations
(Table S1; Supplemental Tables are shown in Section 5, beginning on page 56) and within-
person correlations® (Table S2) among sleep characteristics and pre-sleep arousal. The goal of
these analyses was to determine whether the two diary-assessed constructs were separable
despite a common measurement method. As shown in Table S1, at baseline, pre-sleep arousal
had a very small correlation with sleep measures (r = -0.01 to 0.04), whereas many of the sleep
variables were very strongly correlated with each other (r = -0.88 to 0.71). This suggests that the
pre-sleep arousal construct is separable from the sleep construct. The largest correlations among
the sleep variables were among WASO, sleep latency, and sleep efficiency, which is
unsurprising given that sleep efficiency is calculated using the other variables. Additionally,
sleep quality and sleep efficiency were highly correlated (r = 0.65).

We assessed the intraclass correlation coefficient for each diary-assessed variable across
the three time points to determine the degree of within-person variance in our study (Table S3).
For sleep latency, sleep efficiency, and sleep duration, the within-person variance was greater
than 50% across all time points. Sleep quality and pre-sleep arousal were above 50% at baseline
and during the intervention but were below this threshold at post-intervention. Alertness had the
least amount of within-person variance, with 47.6% at baseline, 38% during the intervention, and

26.3% post-intervention.

b Repeated measures correlations account for non-independence by removing measured variance between-participants,
and assesses the overall intra-individual association between two measures (Bakdash & Marusich, 2017; Bakdash &

Marusich, 2021).
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We tested a series of structural equation models (SEM) to address our three aims of
evaluating dynamic changes in sleep and pre-sleep arousal during CBT-I. We selected SEM for
several reasons: SEM does not assume that predictors are measured without error, models can
accommodate multiple simultaneous outcomes, slopes can be predictors, and lagged effects can
be tested in both directions in one model (Sadikaj et al., 2019).

Diary data were averaged across six timepoints: baseline, CBT-I sessions 1 and 2, CBT-I
sessions 3 and 4, CBT-I sessions 5 and 6, CBT-I sessions 7 and 8, and post-intervention.
Statistical models have been previously shown to be increasingly computationally demanding
after eight time points (Preacher et al., 2012), and preliminary examination of models with 10

timepoints (for weekly CBT-I sessions) resulted in a high proportion of non-convergent models.

2.4.1 Modeling dynamic changes in sleep and pre-sleep arousal

We used latent growth curve models to assess the degree to which sleep characteristics
and pre-sleep arousal changed over time (Aim 1). This analysis allowed us to understand both
the shape of change and the rate of change of these variables during the intervention. If a linear
model is best, it suggests that previous pre-to-post intervention analyses are sufficient for
capturing change. If, however, another model is preferable, then the results support the use of
data collected during the intervention in future CBT-I studies.

First, we tested the inclusion of a linear slope term, and then we evaluated the inclusion
of quadratic and cubic terms. Quadratic and cubic terms can improve model fit over the linear
model with an increasing number of timepoints (Preacher et al., 2012). A quadratic term can
represent a U-shaped association, or it can also capture the “hockey stick effect,” which is an

initial improvement in symptoms, followed by a subsequent stability in symptoms or slight
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decrement in symptoms (Hoberg et al., 2017). Additionally, we evaluated a three-piece
piecewise function (baseline, intervention, post-intervention), because a previous study of
depressive symptom changes during CBT-I demonstrated that piecewise functions were needed
to account for different slopes during baseline compared to during therapy (Bei et al., 2018).

Testing of latent growth curve models indicated that the cubic models and piece-wise
models did not converge. Linear and quadratic models did converge. We compared linear versus
quadratic models for the sleep characteristics and pre-sleep arousal using the chi-squared statistic
(%), Akaike’s Information Criteria (AIC), Bayesian Information Criteria (BIC), the Comparative
Fit Index (CFI), Tucker Lewis Index (TLI), Root Mean Square Error of Approximation
(RMSEA), and Standardized Root Mean Square Residual (SRMSR) (Table S4). For all
variables, the quadratic model was a better fit of the data than the linear model. This result
suggests that there are non-linear changes occurring during CBT-I, and that previous pre-to-post
intervention analyses do not adequately capture this effect.

Though the quadratic model was better relative to the linear model, it does not
necessarily mean that it is an acceptable model of the data; we assessed whether it was
acceptable using the CFI, TLI, RMSEA, and SRMSR. We used the following cut-off values: CFI
or TLI > 0.95, RMSEA < 0.06, and an SRMR < .08 (Hu & Bentler, 2009; Shi et al., 2019).” For
all models with acceptable fit, we evaluated the following parameters: the mean intercept, which
represents the average of the variable at baseline; the mean slope (linear term), which represents
the average rate of change of the variable; the mean quadratic, which represents the average
shape of the non-linear change; the intercept-slope covariance, which represents the correlation

between the baseline value and rate of change; the intercept-quadratic covariance, which

" These cut-off values were be used throughout the methods and results to determine acceptable model fit.
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represents the correlation between the baseline value and the shape of the quadratic; and the
slope-quadratic covariance, which represents the correlation between the rate of change and the
shape of the quadratic (Preacher et al., 2012).

After evaluating the sleep characteristics in separate quadratic models, we built a series of
multivariate latent growth curve models to evaluate the extent of one sleep variable’s change
accounting for the other sleep variables in that same model. This analysis allows for an
evaluation of whether change in one variable predicts change in another variable. Because of the
high correlations between WASO, sleep latency, and sleep efficiency, as well as for sleep
efficiency and sleep quality (Table S1), we did not create multivariate latent curve models with

these variables entered concurrently, as they would be highly collinear.

2.4.2 Modeling the bidirectional associations between sleep and pre-sleep arousal

Next, we built a series of models to evaluate the bidirectional and cross-lagged
associations between pre-sleep arousal and each sleep variable (Aim 2). This analysis allows us
to understand the dynamic association between two markers of treatment to improve our
understanding of why the treatment works.

We examined each sleep characteristic in association with pre-sleep arousal separately,
instead of creating a latent factor for sleep, because we a priori hypothesized that some sleep
characteristics may be more strongly associated with pre-sleep arousal than others. Though there
were small between-person correlations between sleep characteristics and pre-sleep arousal at
baseline (Table S1), these correlations do not inform us of whether or not the change in one

variable predicts the change in another variable.
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We included both autoregressive and cross-lagged terms between the residuals of sleep
and pre-sleep arousal to examine timepoint-to-timepoint associations between two variables
(Curran et al., 2014). These terms were created by regressing the residual at time t on the residual
at time t-1 across the two constructs (Curran et al., 214). The autoregressive component accounts
for stability from timepoint-to-timepoint, and the cross-lagged component allows for associations
between sleep at one timepoint to predict pre-sleep arousal at the next timepoint (and vice versa).

First, we attempted to model these associations using multivariate latent growth curve
models with structured residuals. These models included the intercepts, slopes, and quadratic
terms from the latent growth curve models identified in Aim 1, plus an autoregressive
component and cross-lagged component to test the bi-directional associations between one sleep
characteristic and pre-sleep arousal (Mund & Nestler, 2019). The multivariate latent growth
curve models with structured residuals did not converge for any of the sleep variables.

Second, we modeled these associations using cross-lagged panel models. These cross-
lagged panel models include the autoregressive and cross-lagged terms, but do not include the
growth modeling structure identified in Aim 1. The first method we attempted was a random-
intercept cross-lagged panel model with constrained autoregressive and cross-lagged terms. The
random intercept allows for individual differences in the starting points of sleep and pre-sleep
arousal (Hamaker et al., 2015). The constraints assume equivalence across timepoints for the
autoregression terms and the cross-lagged terms. For example, sleep latency at the first timepoint
predicting sleep latency at the second time point is constrained to be equivalent to sleep latency
at the fourth time point predicting sleep latency at the fifth time point. The random-intercept

cross-lagged model with constrained terms converged.
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We compared the random-intercept model to a traditional cross-lagged panel model. For
all variables, chi-squared difference tests indicated that the inclusion of a random-intercept fit the
data better than no inclusion of a random intercept. This suggests that individual differences in
baseline variables are important to include in the model.

Third, we allowed for the random-intercept cross-lagged panel model to have
unconstrained autoregressive and cross-lagged terms. Unconstrained terms allow for the
regressions to vary at each time point (Curran et al., 2014). In other words, comparing this model
to the constrained model allows us to test whether the strength of the association between a sleep
characteristic and pre-sleep arousal differed across the course of the intervention. The models did
not converge when we allowed for unconstrained terms. Thus, we determined that the random-
intercept cross-lagged panel model with constraints was the optimal model building strategy for

Aim 2. Figure 3 (shown on the next page) provides a visual depiction of this modeling strategy.
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intercept and PSA intercept
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We evaluated the fit indices to determine which models had acceptable model fit. For
models with acceptable fit, we evaluated the following terms: sleep autoregressive term, pre-
sleep arousal autoregressive term, cross-lagged term of sleep predicting pre-sleep arousal, and

the cross-lagged term of pre-sleep arousal predicting sleep.

2.4.3 Modeling treatment response in association with dynamic changes

Finally, we extended the latent growth curve models to test whether changes in sleep
characteristics and pre-sleep arousal were predictive of treatment response (Aim 3). This
analysis informs whether modeling dynamic changes during the intervention ultimately predict
improvement in insomnia symptoms. In other words, it addresses whether or not these analyses
are clinically relevant, and informative beyond pre-post intervention analyses.

In terms of treatment outcomes in our study, 63 participants were both responders and
remitters, 6 participants were responders but not remitters, 6 participants were remitters but not
responders, and 17 participants were neither responders nor remitters. Two participants did not
complete the ISI at post-intervention. Given the limited number of participants in the non-
responder or non-remitter categories (n = 23) and the complexity of our models, we chose not to
use a multiple group modeling strategy, which would stratify results based on whether a
participant was a responder or non-responder (Lefcheck, 2021). Instead, we defined treatment
response as the continuous ISI change score (ISI at post-intervention minus 1S1 at baseline).

We initially attempted to create models with treatment response as the outcome. None of
the latent growth curve models. Next, we developed models with treatment response as a
between-person predictor (Mulder & Hamaker, 2021). All models converged. Therefore, we

chose to include treatment response as a predictor to test Aim 3.
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Consistent with Aim 1 and Aim 2, we evaluated the fit indices for the latent growth curve
models with the inclusion of the treatment outcome term. For latent growth curves with
acceptable fits, we evaluated whether treatment outcome was significantly associated with

baseline, rate of change, or shape of change of sleep characteristics or pre-sleep arousal.

2.4.4 Summary of statistical models

For Aim 1, we conducted six univariate latent growth curve models and five multivariate
latent growth curve models. For Aim 2, we conducted six cross-lagged panel models. For Aim 3,
we constructed six latent growth curve models. Thus, we built 23 statistical models total, each
with several regression slopes, intercepts, and covariances. Given the number of tests, we
adjusted our alpha threshold to 0.01 (Smith & Cribbie, 2013). All of our tables indicate with an
asterisk (*) if the effect meets this criterion. We only present and interpret in-text the effect sizes
that had an associated p-value that was below 0.01. and the focus is on the strength of the effect
(small, medium, or large).

Analyses were conducted in R version 4.1.0 (R Core Team, 2021). We prepared the data
for analysis using the following packages: “tidyr” (Wickham, 2021), “plyr” (Wickham, 2011),
“dplyr” (Wickham, Francois, & Muller, 2021), “Hmisc” (Harrell, 2021), “Rmisc” (Hope, 2013),
and “lubridate” (Grolemund & Wickham, 2011). We evaluated descriptive statistics using the
package “psych” (Revelle, 2021) and rmcorr (Bakdash & Marusich, 2021). We used the
packages “ggplot2” (Wickham, 2016) and “gridExtra” (Auguie, 2017) for visualizing the data.
We conducted our SEM models using “lavaan: (Rosseel et al., 2021), and printed our tables

using the packages “stargazer” (Hlavek, 2018), “semTools” (Jorgensen, Pornprasertmanit,
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Schoemann, & Rosseel, 2021), and “semTable” (Johnson & Kite, 2020). We used the syntax for

randome-intercept cross-lagged panel models from Flourney (2020).
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3.0 Results

Table 2 (on the next page) includes the descriptive statistics of our study at baseline,
during the intervention, and post-intervention. At baseline, participants were 68 years of age on
average, 70% of the sample was female, and the average score on the Insomnia Severity Index
was approximately 17, which indicates moderate insomnia symptoms. Before the intervention,
the average participant slept 6.5 hours, took longer than 30 minutes to fall asleep, had greater
than 60 minutes of wakefulness after sleep onset, and a sleep efficiency of 79.4%. On a scale of
0-100, with higher values indicating greater arousal, the average participant had a score of 31.5
on the pre-sleep arousal variable. During the intervention, the average participant slept 6 hours,
took 19 minutes to fall asleep, had 35 minutes of wakefulness after sleep onset, a sleep efficiency
of 87.1%, and a pre-sleep arousal score of 25.

Post-intervention data were available for 64 participants. These participants did not differ
from the full sample on any baseline characteristics, including insomnia severity. The average
participant at post-intervention had an Insomnia Severity Index score of 5, which indicates the
absence of insomnia symptoms. After the intervention, the average participant slept 6.3 hours,
took 19 minutes to fall asleep, had 32 minutes of wakefulness after sleep onset, a sleep efficiency
of 88.9%, a sleep quality score of 50 (scale of 1-100), an alertness rating of 65.4 (scale of 1-100),

and a pre-sleep arousal score of 22.4 (scale of 1-100).
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Table 2 Descriptive statistics

Baseline Intervention Post-intervention
M(SD), min-max, M(SD), min-max, M(SD), min-max,
n=94 n=94 n =064
Age, years 68.0 (7.2), 60-93 68.0 (7.2), 60-93 68.3 (7), 60-90
Sex, female n (%) 66 (70%) 66 (70%) 49 (77%)
Insomnia Severity Index, 0-28 16.9 (3.7), 11-28 Not assessed 5.4 (4.8), 0-19
Diary data
Number of days 8.9 (4.2),5-38 545 (8.4), 32-77 6.7 (3.3), 1-14
Sleep latency, min 32.4 (30.7), 5-180 19.1 (22.0), 2-199  18.7 (29.4), 2-229
WASO, min 69.8 (47.7), 0-250 35.5(32.0), 4-193  31.8 (32.7), 0-201

Sleep efficiency, %
Sleep duration, hours
Sleep quality, 0-100
Alertness, 0-100
Pre-Sleep Arousal, 0-100

79.4 (11.7), 39-99
6.5 (1.1), 2.8-8.9
50.0 (16.3), 4-82
59.3 (19.5), 3-94
315 (14.8), 3-72

87.1(9.7), 40-98
6.0 (0.9), 3.4-8.3
63.6 (16.2), 9-89
60.0 (22.3), 7-96
24.6 (14.2), 3-63

88.9 (9.0), 43-99
6.3 (0.9), 4.3-8.5
69.3 (19.3), 19-95
65.4 (25.4), 9-97
22.4 (17.1), 2-69

Notes. WASO, wake after sleep onset. Higher values of sleep quality and alertness indicate better values, higher
values of pre-sleep arousal indicate greater arousal.

3.1 Dynamic changes in sleep and pre-sleep arousal

Our Aim 1 was to assess how sleep and pre-sleep arousal variables dynamically changed

(in both rate and shape) over the course of the CBT-I intervention. Figure 5 (on the next page)

shows the pattern of the change in these variables across the intervention.
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Figure 5 Weekly sleep diary data.
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We evaluated the model fit indices for all seven of our quadratic latent growth curve
models (Table S4). Based on one or more of our cut-off criteria®, all of our latent growth curve
models had acceptable model fit, except for sleep onset latency. Because the sleep onset latency
data could not be adequately modeled, we do not present or interpret the latent variables for this
model.

Sleep quality, sleep efficiency, pre-sleep arousal, and WASO all demonstrated initial
steep improvements in characteristics, followed by a leveling off of change, consistent with the
“hockey stick effect.” Alertness initially worsened, then improved steadily, and was higher by
the end of treatment than it was pre-intervention. The change in sleep duration resembled more
of a U-shaped association, characterized by an initial decrease, followed by a steady increase
(and no leveling off/asymptote).

Table 3 (on the next page) shows that the magnitude of the linear and quadratic terms
were large® for wake after sleep onset (WASO), sleep efficiency, sleep duration, and sleep
quality (8*° ranged from |0.85-1.31|). The magnitude in change was medium-sized for pre-sleep

arousal (Bsiope = -0.69, Bguadratic= 0.49), and small for alertness (fg;ope = -0.15, Bouadratic=

0.46).

8 As mentioned on page 27, we used the following cut-off values: CFI or TLI > 0.95, RMSEA < 0.06, and an SRMR
<.08.

% Small effect size is 0-0.29, medium is 0.3-0.49, large is > 0.5.

10 B indicates that the estimate was standardized, such that the observed and latent variances are equal to 1. This is

similar conceptually to a standardized beta coefficient in regression (Scheidel, 2019).
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Table 3 Dynamic changes in sleep and pre-sleep arousal during CBT-I

WASO Sleep Sleep Alertness Sleep Pre-sleep
efficiency duration quality arousal

Latent Intercepts

Intercept, B(SE) 71.12(4.77)"  78.95(1.16)" 385.55(6.26)" 59.22(1.99)" 49.82(1.64)" 31.98(1.47)"
Linear Slope, Beta(SE) -1.31(0.20)*  1.25(0.18)*  -0.85(0.16)*  -0.15(0.14)  1.09(0.18)* -0.69(0.16)*
Quadratic Slope, Beta(SE) 1.11(0.20)*  -0.97(0.18)*  0.91(0.19)* 0.46(0.18)*  -0.80(0.17)* 0.49(0.17)*
Latent Covariances, Beta(SE)

Intercept w/Linear Slope -0.72(0.07)*  -0.42(0.11)*  -0.40(0.11)* 0.06(0.15) -0.24(0.13)  -0.35(0.13)*
Intercept w/Quadratic Slope 0.63(0.10)* 0.30(0.13) 0.31(0.14) -0.14(0.19) 0.18(0.14) -0.36(0.14)*
Linear Slope w/Quadratic Slope ~ -0.96(0.01)*  -0.96(0.01)*  -0.99(0.01)*  -0.94(0.02)  -0.94(0.02)* -0.93(0.03)*

Notes. WASO, wake after sleep onset; SE, sleep efficiency; TST, total sleep time; PSA, pre-sleep arousal; B, unstandardized coefficients; SE, standard

error; Beta, standardized coefficient; * p < .01
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The standardized latent covariances in Table 3 (on the previous page) represent the
correlation between intercepts and slopes. There were several baseline variables that predicted
the rate and shape of change in these variables during the intervention. Individuals who had
higher sleep efficiency (r = -0.42) or longer sleep duration (r = -0.40) at baseline experienced a
slower change in these variables during the intervention. Individuals who had higher levels of
WASO at baseline experienced a slower initial change (r = -0.72), and subsequent faster leveling
off (r = 0.63) of their WASO, than individuals who began the intervention with lower levels of
WASO. Individuals with a greater level of pre-sleep arousal at baseline demonstrated slower
initial changes (r = -0.35), but later experienced faster improvements (r = -0.36) in pre-sleep
arousal relative to those with lower levels of pre-sleep arousal. Baseline values of alertness and
sleep quality were not associated with the rate of change of these variables during the
intervention (r = 0.06 and -0.24, respectively).

As shown in Table 3 (on the previous page), all of our models had a large negative
covariance between the linear slope and the quadratic slope (rs = -0.93 to -0.99). For sleep
efficiency, sleep quality, WASO, and pre-sleep arousal, this suggests that faster improvements in
the variable were associated with slower leveling off of change. For sleep duration and alertness,
this means that a greater decline in these variables initially was associated with a slower
improvement in these variables later in the intervention.

Figure 6 (on the next page) extends the visual depiction of the data shown in Figure 5 by

including an overlay of these latent growth curve models, indicated by the blue line.
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Figure 6 Weekly sleep diary data with latent growth curve models

Each plotted point represents the mean value of the variable (y-axis) at each timepoint (x-axis).
The error bars represent the standard errors. The blue line depicts the latent growth curve model
that was fit to the data.
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3.1.1 Dynamic changes in multiple sleep variables concurrently

Next, we built a series of multivariate latent growth curve models that included sleep
variables modeled concurrently as outcomes. We were able to model two sleep variables
concurrently, but none of the models with three sleep variables converged. The fit indices are
shown in Table S5. We present the standardized estimates for acceptable models in Table 4 (on
the next page). The purpose of this analysis is to understand whether changes in one sleep
variable are associated with changes in other sleep variables during CBT-I.

We found that better sleep quality at baseline was associated with faster improvements (f
= 0.47) and slower leveling off of change for WASO (B = -0.42), while faster improvements in
sleep quality during CBT-I were associated with slower improvements (8 = -0.56) and faster
leveling off of change for WASO (8 = 0.57). While there were correlations in changes between
sleep efficiency and alertness, as well as sleep duration and alertness, we did not interpret these

given that the slopes for alertness and duration were non-significant.
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Table 4 Dynamic changes in two sleep variables concurrently during CBT-I1

WASO + Sleep _S_Ieep Sleep duration + Sleep duration +
quality efficiency + Alertness Sleep quality
Alertness

Latent Intercepts
Intercept, V1, B(SE) 71.16(4.77)* 78.95(1.16)* 385.56(6.26)* 385.52(6.27)"
Intercept, V2, B(SE) 49.96(1.64)* 59.25(1.99)* 59.25(1.99)* 49.76(1.64)"
Linear Slope, V1, Beta(SE) 1.08(0.17)* 1.25(0.18)* -0.16(0.14) 1.08(0.17)*
Linear Slope, V2, Beta(SE) -1.34(0.2)* -0.15(0.14) -0.84(0.16)* -0.86(0.16)*
Quadratic Slope, V1, Beta(SE) 1.14(0.2)* -0.97(0.18)* 0.91(0.18)* 0.93(0.19)*
Quadratic Slope, V2, Beta(SE) -0.79(0.17)* 0.46(0.18)* 0.47(0.18)* -0.78(0.17)*
Latent Covariances, Beta(SE)
Intercept V1 w/Intercept V2 -0.66(0.07)* 0.14(0.11) 0.03(0.12) 0.45(0.1)*
Intercept V1 w/Linear Slope V2 0.09(0.13) -0.02(0.14) 0.07(0.14) 0.21(0.13)
Intercept V1 w/Linear Slope V1 -0.72(0.07)* -0.41(0.11)* -0.40(0.11)* -0.40(0.11)*
Intercept V1 w/Quadratic V1 0.63(0.1)* -0.01(0.17) 0.31(0.13) 0.3(0.14)
Intercept V1 w/Quadratic V2 -0.03(0.14) 0.3(0.13) -0.02(0.17) -0.19(0.15)
Intercept V2 w/Linear Slope V2 -0.23(0.13) 0.07(0.15) 0.07(0.15) -0.23(0.13)
Intercept V2 w/Linear Slope V1 0.47(0.12)* 0.04(0.14) 0.14(0.14) 0.02(0.14)
Intercept V2 w/Quadratic V1 -0.42(0.13)* -0.16(0.19) -0.17(0.15) -0.06(0.15)
Intercept V2 w/Quadratic V2 0.16(0.14) -0.01(0.15) -0.17(0.19) 0.16(0.14)
Linear Slope V1 w/Linear Slope V2 -0.56(0.13)* 0.39(0.15)* 0.35(0.16) 0.28(0.15)
Linear Slope V2 w/Quadratic V1 0.57(0.14)* -0.94(0.02)* -0.38(0.17) -0.33(0.16)
Linear Slope V2 w/Quadratic V2 -0.94(0.02)* -0.39(0.16)* -0.94(0.03)* -0.94(0.02)*
Linear Slope V1 w/Quadratic V1 -0.96(0.01)* -0.57(0.18)* -0.99(0.01)* -0.98(0.01)*
Linear Slope V1 w/Quadratic V2 0.58(0.14)* -0.96(0.01)* -0.56(0.18)* -0.35(0.16)
Quadratic V1 w/Quadratic V2 -0.66(0.14)* 0.59(0.18) 0.61(0.19)* 0.42(0.17)*

Notes. WASO, wake after sleep onset; B, unstandardized coefficients; SE, standard error; Beta, standardized coefficient; V1, first variable in the column name; V2,
second variable in the column name;* p <.01
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3.2 Bi-directional cross-lagged associations between sleep characteristics and pre-sleep

arousal during CBT-I

Our Aim 2 was to evaluate whether dynamic changes in sleep characteristics and
dynamic changes in pre-sleep arousal were associated with each other over the course of CBT-I.
This analysis allows us to understand the relations between two markers of treatment to improve
our understanding of how therapeutic change unfolds. Figure 4 (on page 32) provides a visual
depiction of the random intercept cross-lagged panel model with constrained terms (i.e.,
autoregression term is equivalent across time, cross-lagged term is equivalent across time).

We evaluated the model fits for the random-intercept cross-lagged panel model for the
association between pre-sleep arousal and the sleep characteristic variables (Table S6). We

present and interpret the results of the models with acceptable model fit in Table 5 (on the next

page).
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Table 5 Bidirectional associations between sleep and pre-sleep arousal during CBT-I

WASO Sleep efficiency Sleep quality Alertness
Regression slopes, Beta (SE)
Sleep autoregressive (@) 0.36(0.07)* 0.34(0.06)* 0.38(0.06)* 0.77(0.05)*
PSA autoregressive (o) 0.75(0.06)* 0.44(0.08)* 0.46(0.09)* 0.43(0.04)*
Sleep predicting pre-sleep -0.10(0.08) -0.01(0.08) -0.02(0.05) -0.27(0.08)*
arousal (y)
Pre-sleep arousal predicting sleep -0.09(0.14) -0.13(0.06) -0.05(0.06) -0.05(0.07)
(B)
Latent Covariances, Beta (SE)
Sleep Intercept w/PSA 0.01(0.22) 0.01(0.12) -0.26(0.12) -0.04(0.18)
Intercept cov(iy, i5)
Sleep Latent Variable w/PSA 0.01(0.15) -0.04(0.12) 0.05(0.12) 0.28(0.29)

Latent Variable cov(pq)

Notes. WASO, wake after sleep onset; Beta, standardized coefficient; SE, standard error; the symbols in the first column (e.g., 8)
match the symbols in Figure 3. * indicates p < .01

Only one cross-lagged association was significant (Table 5, shown above). Higher levels
of alertness predicted subsequent lower levels of pre-sleep arousal (8 = -0.27), adjusting for
previous periods’ alertness and arousal. Additionally, these two variables had the largest
autoregressive terms, which suggests strong relationships from one time point to the next. This

could indicate higher stability, or it could indicate more linear change.

3.3 Associations between dynamic intervention changes and treatment response

Lastly, for Aim 3, we assessed whether treatment response was associated with dynamic

changes in sleep characteristics or pre-sleep arousal. This analysis informs whether modeling

46



dynamic changes during CBT-I is clinically relevant, above and beyond simple pre-post
intervention analyses.

We evaluated the model fit indices for the latent growth curve models which included
treatment response as a predictor (Table S7). The models for all sleep variables, except for sleep
latency, had acceptable model fit indices.

Table 6 (shown on the next page) shows the dynamic changes during CBT-1 to predict
treatment outcome. Baseline (i.e., intercept) sleep characteristics and baseline pre-sleep arousal
were not substantially associated with treatment outcome (8s < |0.25|). This suggests that
participant’s pre-intervention values on these measures did not predict whether or not they
responded to CBT-I.

The rate (slope) and shape (quadratic) of change for some sleep characteristics were
significantly associated with treatment outcome, indicated by the 1SI change score, with higher
values indicating a greater reduction in insomnia symptoms. Faster initial improvements in sleep
efficiency (8 = 0.34) and sleep quality (8 = 0.54), as well as a smaller initial decrease in
alertness (8 = 0.45), were associated with a larger improvement in insomnia symptoms.
Maintaining higher levels of sleep quality (8 =-0.50) and sleep efficiency (f =-0.33), and
quicker subsequent improvements in alertness (8 = -0.39) during the intervention (i.e., a smaller
quadratic term) was associated with a larger improvement in insomnia symptoms. Rate and
shape of change in WASO, sleep duration, and pre-sleep arousal were not associated with
treatment outcomes (fs < |0.22|). Thus, taken together, larger linear improvements and less

leveling off of changes were associated with better treatment outcomes.
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Table 6 Dynamic changes during CBT-I to predict treatment outcome

Sleep Sleep Pre-sleep
WASO efficiency duration Alertness Quality arousal

Regression Slopes, Beta(SE)
Intercept — ISI -0.15(0.11) 0.17(0.11) 0.25(0.1) 0.17(0.11) 0.13(0.11) 0.09(0.11)
Slope — ISI -0.15(0.13) 0.34(0.11)* 0.12(0.13) 0.45(0.11)* 0.54(0.09)* -0.22(0.13)
Quadratic — ISI 0.15(0.14) -0.33(0.13)* -0.12(0.14) -0.39(0.15)*  -0.50 (0.11)* 0.1(0.15)
Latent Intercepts
Intercept, B(SE) 86.90(12.27)* 74.64(2.96)*  351.99(15.89)*  51.87(5.10)*  45.32(4.16)*  28.97(3.77)*
Linear Slope, Beta(SE) -1.0(0.36)* 0.52(0.34) -1.11(0.35)* -1.19(0.29)* -0.11(0.28) -0.16(0.35)
Quadratic Slope, Beta(SE) 0.78(0.38) -0.24(0.35) 1.18(0.39)* 1.35(0.39)* -0.34(0.3) 0.24(0.39)
Latent Covariances, Beta(SE)
Intercept w/Linear Slope -0.78(0.06)* -0.53(0.1)* -0.46(0.11)* -0.03(0.16) -0.4(0.12)* -0.32(0.13)
Intercept w/Quadratic Slope 0.69(0.09)* 0.40(0.13)* 0.37(0.13)* -0.07(0.19) 0.30(0.14) 0.35(0.15)
Linear Slope w/Quadratic Slope -0.96(0.01)*  -0.96(0.02)* -0.98(0.01)* -0.93(0.03)*  -0.91(0.03)*  -0.93(0.03)*

Notes. WASO, wake after sleep onset; ISI, Insomnia Severity Index Change Score; B, unstandardized coefficients; SE, standard error; Beta, standardized coefficient;

*p <.01
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4.0 Discussion

This study is the first to evaluate linear and non-linear changes in sleep characteristics
and pre-sleep arousal during CBT-I to predict treatment outcomes. We report that rates of
change for some sleep characteristics (sleep efficiency, sleep quality, and alertness) were
associated with greater treatment response, whereas pre-intervention sleep characteristics were
not predictive of treatment outcome. This study suggests that evaluating dynamic changes during
CBT-I may be more clinically informative than pre-post-intervention analyses alone. Evaluating
these changes is feasible during the course of clinical care, as daily sleep diaries are a standard of
CBT-I treatment. Additionally, our research methods more closely matches routine clinical
practice, because clinicians review the sleep diaries at the beginning of each CBT-I session to

monitor progress and modify treatment plans.

4.1 Several changes in sleep characteristics during CBT-I predicted treatment response

CBT-l is an excellent example of measurement-based care — that is, the clinician uses
data collected during the intervention to modify treatment (Fortney et al., 2017). However, most
of the research on CBT-I interventions have not captured these dynamic processes. Only one
previous study has evaluated changes in sleep characteristics during CBT-I to predict treatment
outcomes. Morin and colleagues (2014) divided their participants into tertiles (worst change,
average change, and best change) for five sleep characteristics from baseline to the first week of

the intervention. They reported that patient group membership did not predict treatment response
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for any sleep characteristic (Morin et al., 2014). In contrast to their findings, we demonstrated
that several sleep characteristics were significant predictors of treatment response. This
difference in results is likely because of our greater statistical power. Our methods allowed for
linear and non-linear changes for all eight weeks of the intervention and for the full sample of
participants.

In the current study, we observed that: (1) improvements in sleep efficiency were
strongly predictive of treatment success; (2) individuals who experienced larger initial
decrements in alertness had worse treatment response; and (3) changes in sleep duration were not
predictive of treatment response. This pattern of results is important to examine together, as they
are all associated with the recommendation that patients restrict their time in bed (Perlis et al.,
2021). Time in bed restriction increases individuals’ homeostatic sleep pressure (Maurer et al.,
2022), which helps patients to fall asleep and stay asleep more easily. However, time in bed
restriction can also reduce total sleep time and alertness, which may be undesirable for patients
and could increase fall risk among older adults (Hughes & Martin, 2021; Kyle et al., 2014).
Therefore, determining optimal time in bed restriction recommendations is a balancing act of
these competing concerns — maximizing sleep efficiency improvements while minimizing risk of
alertness decrements.

Our results suggest that clinicians should attempt a strong time in bed restriction (e.g.,
sleep duration plus 30 minutes) to obtain the optimal improvement in sleep efficiency, which is
the most potent predictor of treatment success in our study. These results also suggest that
clinicians should discuss with the patient that this reduction of time in bed may lead to
decrements in alertness, which is associated with a poor treatment outcome. To mitigate this

issue, the clinician might recommend a strategically timed nap (i.e., in the afternoon, for
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approximately 45 minutes). This recommendation does not have a large compromising effect on
the accumulation of sleep drive and does not induce any circadian phase shifts (Evans & Hasler,
2021). Finally, our results suggest that the patient — and the clinician — should not be overly
concerned with changes to sleep duration, as this does not predict treatment success in our study.

Future studies should test varying time in bed restriction methods to optimally balance
sleep efficiency and alertness changes during CBT-I. Time in bed restriction may be the most
effective component of CBT-I, though no dismantling studies have compared time in bed
restriction therapy alone to multi-component CBT-I to test this hypothesis (Perlis et al., 2021).
Among older adults, a more modest restriction of time in bed has been suggested, such as
reducing the sleep window by 30-minutes per week until sleep efficiency improves (Hughes &
Martin, 2021). This contrasts with concerns that a conservative approach to time in bed
restriction (“under-titrating”) may lead to both poor treatment response as well as patient
dissatisfaction when they do not experience rapid improvements (Perlis, 2017). These future
studies would improve precision of clinical decision-making about optimal time in bed

restriction recommendations.

4.2 Pre-sleep arousal reductions did not predict treatment outcome

We evaluated changes in pre-sleep arousal during CBT-I to improve our understanding of
how one treatment marker unfolds over time. We reported that CBT-I was associated with an
initial medium-sized reduction in pre-sleep arousal, consistent with previous pre-post-
intervention studies (Vincent & Lewycky, 2009; Wu et al., 2006). In multi-component CBT-I,

pre-sleep arousal may be affected by cognitive therapy addressing maladaptive beliefs about
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sleep, as well as stimulus control, which reduces the association of the bed being a place of
worry.

In our bi-directional models, increases in alertness (upon awakening) were associated
with subsequent decreases in pre-sleep arousal (occurring at bedtime). This may be because
better alertness is associated with better mood (Johnson et al., 1990) and better cognitive
performance (Rogers et al., 2003), thereby reducing pre-sleep arousal. This finding, in
conjunction with our finding that declines in alertness are predictive of treatment outcome,
underscores how critical it is for clinicians to assess and monitor alertness during CBT-I.
Alertness is assessed in some (e.g., Consensus Sleep Diary, Carney et al., 2011), but not all (e.g.,
sleep raster plot) sleep diaries used during CBT-I.

Though we hypothesized that there would be a bidirectional relationship between sleep
and pre-sleep arousal, pre-sleep arousal changes were not associated with subsequent sleep
characteristic changes. This finding is consistent with a previous systematic review which
indicated that while sleep changes reliably influence next-day negative affect, there was
inconsistent and weaker evidence that daytime affect changes influence that night’s sleep (Kahn
et al., 2013). Additionally, there are individual differences in the degree to which stressful events
precipitate sleep disturbances (Drake et al., 2004; Kalmbach et al., 2018). In the context of CBT-
I, our results suggest that pre-sleep arousal reductions might not occur until later in treatment,
when the sleep window has been expanded and alertness increases. Additionally, pre-sleep
arousal reductions may occur later in treatment because cognitive therapy techniques are
typically introduced in later sessions. Future work might examine the precise timing of pre-sleep

arousal improvement (e.g., Batterham et al., 2017), or conduct a dismantling study to determine
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if behavioral or cognitive therapies have more of an impact (e.g., Harvey et al., 2014) to better
understand the dynamics of pre-sleep arousal changes during treatment.

While rates of change of several sleep characteristics predicted treatment outcomes in our
study, the rate of change in pre-sleep arousal did not. Previous studies have identified that pre-
sleep arousal (change from pre-post intervention) is a mediator of the association between CBT-I
and treatment outcomes (Parsons et al., 2021; Schwartz & Carney, 2012). This discrepancy with
our results may be due to our different methods of modeling change in pre-sleep arousal, as well
as the fact that we did not have a control group with which to compare our changes.
Additionally, in our study the level of pre-sleep arousal was somewhat low at baseline, with an
average participant rating of 31.5 (with 100 being the highest arousal rating). If our results were
to be replicated, it would suggest that pre-sleep arousal is not a target for measurement-based
care during CBT-I, since its change (or lack thereof) during the intervention is not predictive of
treatment outcome.

Clinicians and researchers may also find that pre-sleep arousal is an important variable to
target during treatment for some, but not all, patients. Two previous studies of dynamic change
during CBT-I identified that there were distinct subgroups of depressive symptom trajectories.
One of these studies identified two groups, one that improved, and one that was a mixture of
individuals with no change or a decline in symptoms (Batterham et al., 2017). The other study
identified three groups of depressive symptom change: initial, partial, and optimal responders
(Bei et al., 2018). It is possible that the decelerating rate of change (i.e., leveling off) in pre-sleep
arousal towards the end of treatment in our study may be representing initial or partial
responders, and there may be other individuals who have a continual reduction in pre-sleep

arousal. Though the average in our sample for pre-sleep arousal was 31.5, there was a large
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range of scores of 3-72, suggesting that this is a salient variable for some of our participants, but
not all. The implementation of latent class analysis to identify subgroups on the basis of change
in pre-sleep arousal may further improve measurement-based care and precision medicine efforts

in CBT-I.

4.3 Limitations

Despite this research study more closely aligning to routine clinical care than previous
work, there are several limitations. First, this study was not originally designed for our study
aims. Our data analysis did not include a control group, and so we could not compare CBT-I to a
“treatment as usual” group. We could also not adequately model the rate of change of sleep
latency, likely because sleep latency has the greatest instability in both individuals with insomnia
and controls and required more participants (Wohlgemuth et al., 1999). More participants would
have also allowed us to analyze the data at the weekly-session level, rather than bi-weekly,
which would more closely match clinical care. Given power limitations, our change in insomnia
symptoms was measured as a continuous change score, rather than a binary outcome (e.g.,
responder, non-responder).

Second, the generalizability of this study was limited by several of its demographic
features. Our study was conducted among older adults, and therefore is not generalizable to
younger samples, who have been shown to have even larger responses to CBT-I (Irwin et al.,
2006; van Straten et al., 2018). The intervention was not modified for older adults’ needs in
advance (Hughes & Martin, 2021), though specific recommendations were tailored to the

individuals’ needs and presenting concerns. Only 30% of our participants were male, and an
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even smaller proportion were from racial/ethnic minority groups (nine African Americans and
two Asian Americans in total, no Hispanic individuals). It is possible that this sample is
representative of those who present to clinics with insomnia, as females and Caucasians are more
likely to report symptoms of insomnia than their male and non-White counterparts, respectively
(Mallampalli & Carter, 2014; Ruiter et al., 2010). However, the effects of confounding by
cultural differences in these groups’ beliefs, values, and attitudes towards sleep have not yet been
fully described (Shaw et al., 2012). Therefore, our results cannot be generalized to all
demographics of a culturally and ethnically diverse general population.

Third, though we have conceptualized changes in sleep characteristics as a marker of
treatment, one might argue that they are measures of adherence. In the current study, we had a
measure of therapist-reported patient engagement and understanding of the session materials
(both on a scale of 0-3, with 3 indicating highest levels). Because more than 90% of patient
sessions were rated at a 3 (maximum), and the remaining 10% were a 2 (moderate levels of
engagement or understanding), there was insufficient heterogeneity to assess whether these
therapist-reported measures were moderators of observed changes. The measures of adherence
that are typically extracted from daily sleep diaries during CBT-I are bedtime variability,
risetime variability, getting out of bed if one is not sleeping, and time in bed (Dong et al., 2018).
These measures are all more proximal indicators of adherence to behavioral recommendations
during CBT-I (reduce time in bed, maintain a consistent wake-up time) than the sleep
characteristics we assessed. Additionally, the sleep characteristics in the current study have been
previously identified as (secondary) treatment outcomes in CBT-I clinical guidelines (Edinger et
al., 2021). We maintain that the sleep characteristics that we examined were treatment markers

and not adherence measures because clinicians cannot instruct patients to fall asleep more
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quickly or become more alert. Rather, the clinician provides cognitive and behavioral
recommendations, and if the patient adheres to these, they may subsequently experience

improvements in sleep latency and alertness.

4.4 Conclusion

Our study demonstrated linear and non-linear changes in sleep characteristics during
CBT-I that were consistent with our current understanding of the etiology and cognitive-
behavioral treatment of insomnia. We demonstrated that these changes in sleep characteristics
during CBT-I predicted treatment outcomes, whereas pre-intervention data did not predict
treatment success. Thus, CBT-I research may benefit from assessing diary data collected during
the intervention. Such a change also aligns more closely with clinical care, which would make
this research even more translational.

We reported that improvements in sleep efficiency predicted treatment success, while
decrements in alertness portended poor outcomes. These changes, if replicated in diverse
samples, call for monitoring these characteristics and modifying treatment recommendations
accordingly. Clinicians have long recognized that changes in sleep efficiency are a key marker to
success during CBT-I, and so this finding is consistent with that focus. However, alertness is not
consistently monitored during the course of CBT-I, and our results suggest that doing so may be
critical. Including a measure of alertness during CBT-I would also provide another indicator to

aid in clinical decision-making about whether the time in bed restriction should be modified.
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This study aimed to improve the precision of treatment recommendations during CBT-I
through the use of daily diary data. It is critical to continue to refine the precision of CBT-I,
because pre-post intervention analyses suggest that it only causes insomnia remission among
50% of patients (Edinger et al., 2021). Future research may increase the success of CBT-I to
100% of patients by analyzing diary data collected during the course of treatment (as we did
here), evaluating which subgroups of patients are particularly responsive or non-responsive to
treatment, experimentation with varying degrees of time in bed restriction in samples of older
and younger adults, and dismantling studies to best understand the impact of each component of
this multi-component treatment.

CBT-I has been recognized since 2016 by internal medicine physicians as the frontline
treatment for individuals with insomnia (Qaseem et al., 2016). It is our duty as psychologists to
continue to improve CBT-I to reduce insomnia symptoms for the millions of Americans

currently suffering from sleepless nights.
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5.0 Supplemental Tables

Table S1 Between-person correlations of diary variables

Sleep Sleep Sleep Sleep
latency WASQO efficiency duration Alertness quality

Baseline

WASO 0.25

Sleep efficiency -0.61*  -0.88*

Sleep duration -0.37 -0.50* 0.71*

Alertness -0.20 -0.05 0.10 0.01

Sleep quality -0.48*  -0.57* 0.65* 0.39 0.35

Pre-sleep arousal -0.01 0.04 0.00 0.04 -0.02 0.00
Intervention

WASO 0.31

Sleep efficiency -0.63*  -0.92*

Sleep duration -0.46*  -0.68* 0.79*

Alertness -0.23 -0.16 0.22 0.21

Sleep quality -0.40*  -0.65* 0.70* 0.67* 0.53*

Pre-sleep arousal 0.18 -0.13 0.02 -0.02 -0.18 -0.24
Post-Intervention

WASO 0.70*

Sleep efficiency -0.79*  -0.87*

Sleep duration -0.38 -0.39 0.60*

Alertness -0.15 -0.11 0.22 0.13

Sleep quality -0.47 -0.56* 0.59* 0.35 0.59*

Pre-sleep arousal 0.32 0.28 -0.39 -0.18 -0.36* -0.63*

Notes. WASO, wake after sleep onset; * indicates p <.0001
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Table S2 Repeated measures correlations of diary variables

Sleep Sleep Sleep Sleep
latency WASO efficiency duration Alertness quality

Baseline

WASO 0.02

Sleep efficiency -0.54*  -0.79*

Sleep duration -0.37*  -0.55* 0.79*

Alertness -0.06  -0.13* 0.19* 0.19*

Sleep quality -0.32*  -0.41* 0.53* 0.40* 0.30*

Pre-sleep arousal 0.30*  0.16* -0.30* -0.24* -0.12* -0.33*
Intervention

WASO 0.13*

Sleep efficiency -0.62*  -0.80*

Sleep duration -0.35*  -0.34* 0.61*

Alertness -0.09* -0.17* 0.20* 0.20*

Sleep quality -0.35*  -0.51* 0.60* 0.33* 0.32*

Pre-sleep arousal 0.29*  0.23* -0.33* -0.20* -0.12* -0.36*
Post-Intervention

WASO 0.40*

Sleep efficiency -0.80*  -0.85*

Sleep duration -0.68* -0.67* 0.85*

Alertness -0.28*  -0.26* 0.26* 0.28*

Sleep quality -0.35*  -0.59* 0.61* 0.50* 0.43*

Pre-sleep arousal 0.35*  0.17* -0.31* -0.25* -0.19* -0.34*

Notes. WASO, wake after sleep onset; * indicates p <.0001
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Table S3 Percentage of within-person variance

Sleep Sleep Sleep Sleep Pre-sleep
latency WASO efficiency duration  Alertness quality arousal
Baseline 69.0 59.7 59.7 64.5 47.6 63.9 61.1
Intervention 61.4 58.0 52.9 57.1 38.0 54.7 535
Post-Intervention 64.3 62.9 74.5 72.3 26.3 45.1 414

Notes. WASO, wake after sleep onset. These percentages are calculated using the intraclass correlation coefficient
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Table S4 Fit indices of latent growth curve models

1 AIC BIC CFI TLI RMSEA  SRMR

I;'gﬁgy Linear  267.00(21) 449339  4508.65 0.62 0.73 0.35 0.21
Quadratic ~ 186.87(17) 442126  4446.69 0.74 0.77 0.33 0.19

WASO Linear ~ 211.83(21)  5004.38  5019.64 0.59 0.70 0.31 0.19
Quadratic ~ 67.29(17)  4867.83  4893.26 0.89 0.90 0.18 0.11
efﬁl?eeﬁcy Linear ~ 175.41(21) 346857  3483.83 0.76 0.83 0.28 0.11
Quadratic ~ 44.36(17) 334553  3370.97 0.96* 0.96* 0.13 0.04*
df::iﬁm Linear  199.17(21) 53613  5376.56 0.68 0.77 0.30 0.13
Quadratic ~ 86.44(17)  5256.57 5282 0.87 0.89 0.21 0.08*
Alertness  Linear  84.00(21) 420168  4216.87 0.90 0.93* 0.18 0.1
Quadratic ~ 43.13(17)  4168.81  4194.13 0.96* 0.97* 0.13 0.06*

qﬂ:ﬁﬁ’y Linear  119.33(21) 4045 4060.2 0.82 0.87 0.22 0.1
Quadratic ~ 24.80(17) 395847  3983.8 0.99* 0.99* 0.07 0.06*
P;f(;fj'se;p Linear 79.01(21)  3954.04  3969.23 0.88 0.91 0.17 0.07
Quadratic ~ 41.57(17) 39246  3949.92 0.95* 0.96" 0.12 0.04*

Notes WASO, wake after sleep onset; x2 , chi-squared statistic; AIC, Akaike’s Information Criteria; BIC, Bayesian Information Criteria; CFI,
Comparative Fit Index; TLI, Tucker Lewis Index; RMSEA, Root Mean Square Error of Approximation; SRMR, Standardized Root Mean Square
Residual; " indicates acceptable fit
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Table S5 Fit indices for multivariate latent growth curve models

2 AIC BIC CFI TLI RMSEA SRMR

WASO+Sleep 516 0761) 1007096 10144.71 0.86 0.85 0.17 0.09
duration

WASO+Sleep 57 7561)  8750.62 8824.38 0.91 0.91 0.13 0.08"

quality

Sleep efficiency + 5 o561y 7512.93 7586.69 0.97* 0.96" 0.09 0.04*
Alertness

Sleep duration + /0 1061y 942645 9500.2 0.93 0.92 0.12 0.06"
Alertness

Sleep duration+ /3 051y 9173.95 9247.7 0.91 0.90 0.13 0.06"

Sleep quality

Notes. WASO, wake after sleep onset; y2 , chi-squared statistic; AIC, Akaike’s Information Criteria; BIC, Bayesian Information Criteria; CFI,
Comparative Fit Index; TLI, Tucker Lewis Index; RMSEA, Root Mean Square Error of Approximation; SRMR, Standardized Root Mean Square
Residual. * indicates acceptable model fit
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Table S6 Fit indices for random-intercept cross-lagged panel models

1 AIC BIC CFI TLI RMSEA  SRMR
Sleep Latency  214.40(53)  8296.86  8390.96 0.86 0.83 0.18 0.18
WASO 103.60(53)  8776.15  8870.25 0.95" 0.93 0.1 0.11
Sleep Efficiency  87.99(53) 7255.19  7349.29 0.97" 0.96" 0.08 0.14
Sleep Duration  123.00(53)  9153.77  9247.87 0.93 0.92 0.12 0.18
Quality 100.15(53)™"  7860.47  7954.17 0.96" 0.95" 0.1 0.18
Alertness 88.37(53)™  8084.86  8178.57 0.97" 0.96" 0.08 0.11

Notes. WASO, wake after sleep onset; y2 , chi-squared statistic; AIC, Akaike’s Information Criteria; BIC, Bayesian Information
Criteria; CFI, Comparative Fit Index; TLI, Tucker Lewis Index; RMSEA, Root Mean Square Error of Approximation; SRMR,

Standardized Root Mean Square Residual. * indicates acceptable model fit
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Table S7 Fit indices for models predicting treatment outcome

1 AlC BIC CFlI TLI RMSEA SRMR

SOL 187.71(20) 4337.42 4370.2 0.74 0.73 0.3 0.17
WASO 75.44(20) 4761.9 4794.68 0.88 0.87 0.17 0.08*
SE 47.63(20) 3264.03 3296.81 0.96* 0.95* 0.12 0.03*
TST 94.50(20) 5152.94 5185.73 0.87 0.86 0.2 0.07¢
Alertness 61.88(20) 4064.8 4097.59 0.94 0.94 0.15 0.05*
Quality 38.68(20) 3834.22 3867 0.97" 0.97¢ 0.1 0.05*
PSA 56.83(20) 3853 3885.78 0.93 0.92 0.14 0.04+

Notes. SOL, sleep onset latency; WASO, wake after sleep onset; SE, sleep efficiency; TST, total sleep time; PSA, pre-sleep arousal; %2 , chi-squared statistic;
AIC, Akaike’s Information Criteria; BIC, Bayesian Information Criteria; CFI, Comparative Fit Index; TLI, Tucker Lewis Index; RMSEA, Root Mean Square
Error of Approximation; SRMR, Standardized Root Mean Square Residual; * indicates acceptable fit
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