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Abstract
Title of Dissertation: A cluster analytic approach to identify insomnia subtypes and their
relationship with economic outcomes.
Aakash Bipin Gandhi, Doctor of Philosophy, 2020
Dissertation Directed by: Eberechukwu Onukwugha, MS, PhD, Associate Professor,
Executive Director of Pharmaceutical Research Computing, Department of
Pharmaceutical Health Services Research
INTRODUCTION: Insomnia is a heterogenous condition with respect to underlying risk
factors, presentation of symptoms, comorbidities, disease course, and outcomes.
Consequently, individuals with insomnia may also have varying patterns of healthcare
resource utilization and costs. However, the impact of insomnia heterogeneity on
economic outcomes is not known.
METHODS: We used an integrated claims-electronic health records dataset to identify
individuals aged 18-64 with insomnia between 2009-2018. A k-modes clustering
algorithm with a Jaccard coefficient similarity measure was used to identify clinically
relevant insomnia subtypes based on sociodemographic, comorbidity, behavioral, life
event, family history, medication use, vital sign, and insomnia symptom-related
characteristics. An optimum cluster solution was chosen based on clinical interpretability
and significance. Insomnia clusters were compared on baseline characteristics using Chisquare tests. Logistic regression models were used to identify the association between
cluster membership and binary outcomes (inpatient hospitalization, emergency
department [ED] visits). Generalized linear models were used to assess similar

associations with count physician office visits, non-physician outpatient visits,
prescription drug fills) and cost outcomes associated with all points of service.
RESULTS: A total of 17,124 individuals with insomnia met the study inclusion criteria.
The cluster analysis resulted in a five-cluster solution. The clusters were labelled as
‘Insomnia associated with obesity and hypertension’ (28.6%), ‘Insomnia associated with
mental health conditions and chronic pain’ (25.4%), ‘Insomnia associated with older age,
high comorbidity burden, and fatigue’ (24.6%), ‘Insomnia associated with substance use
disorders’ (5.2%), and ‘Insomnia associated with overweight status, alcohol use, and low
comorbidity burden’ (16.2%). Relative to the reference cluster ‘Insomnia associated with
overweight status, alcohol use, and low comorbidity burden’, individuals in cluster
labelled as ‘Insomnia associated with older age, high comorbidity burden, and fatigue’
displayed higher total healthcare costs (cost ratio [CR]: 1.46; 95% CI: 1.32, 1.62)
primarily driven by higher inpatient (CR: 1.68; 95% CI: 1.48, 1.91) and prescription drug
fill (CR: 1.49; 95% CI: 1.34, 1.65) costs.
CONCLUSION: Findings from the present study can help improve our understanding
about developmental trajectories for insomnia diagnosis and facilitate the design of
tailored interventions that target those at the highest risk for adverse economic
consequences.
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1. Overview
1.1. Study motivation and rationale
Insomnia or difficulty falling asleep, is a significant public health concern,
estimated to affect between 4-22% of all adults in the United States.1 It is associated with
both, adverse clinical outcomes such as neurocognitive impairment and cardiometabolic
events, as well as economic outcomes due to lost productivity at work and increased
medical care use.2-4 Due to the heterogeneous nature of this disorder, 5 a one size-fits all
approach to treatment can pose a significant challenge in providing optimal care for
insomnia patients. Hence, a precision medicine approach that requires the identification
of insomnia subtypes based on a combination of unique factors such as age, sex, and
medical and psychiatric comorbidity profiles can help provide targeted treatment and
intervention to mitigate its clinical and economic consequences. Cluster analysis, an
unsupervised machine learning procedure that groups individuals with common features,
can help identify clinically relevant insomnia subtypes by detecting useful associations
between observed patient characteristics that may been overlooked by existing insomnia
classification schemes.6,7
Prior studies which use cluster analysis to identify insomnia subtypes have certain
limitations. First, they primarily use sleep and psychometric parameters to identify
subtypes, which may be insufficient to characterize the heterogeneity of this condition.6-11
Second, they are mainly based on small, homogeneous and localized samples (e.g. singlesite hospital clinics), which may limit the generalizability and reproducibility of
identified subtypes, especially in larger and more diverse insomnia populations. 6-11
Finally, despite similar efforts in other sleep disorders such as obstructive sleep apnea
1

(OSA),12-15 no study to date has evaluated the impact of insomnia subtypes on outcomes
such as treatment adherence and response, cardiovascular events, healthcare utilization
and costs. This major knowledge gap might have implications for routine clinical practice
for insomnia management.
While the economic burden of insomnia has been well studied, 4,16,17 it is unclear
whether this burden is evenly distributed amongst its subtypes. Given the heterogeneous
nature of insomnia, it is likely its subtypes will have disparate healthcare resource
utilization (HcRU) patterns and associated costs. A broad examination of these patterns
in a large national sample of insomnia beneficiaries will help improve our ability to
identify subtypes at the highest risk for adverse economic consequences, develop suitable
interventions, and deliver personalized care.
1.2. Study objective
The proposed study has two objectives. The first is to use a cluster analytical
framework to characterize insomnia heterogeneity by identifying clinically meaningful
subtypes based on relevant demographic and clinical characteristics. The second is to
quantify the impact of insomnia heterogeneity on economic outcomes by comparing
HcRU patterns and direct medical costs across each identified subtype.
1.3. Significance
Improved disease subtyping can provide an important first step towards the goal
of personalized medicine for managing insomnia patients and standardizing insomnia
diagnostic practice. An understanding of distinctive subtypes can help clinicians,
policymakers, and healthcare planners deliver optimized treatments and integrated
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interventions, targeted at specific subpopulations of the disease, to reduce potentially
avoidable and unplanned healthcare use and costs.
1.4. Specific aims
Aim 1: To identify and characterize insomnia subtypes based on relevant demographic
and clinical factors using cluster analysis.
Aim 2: To quantify and compare all-cause healthcare resource utilization (i.e., inpatient
visits, emergency department visits, physician office visits, non-physician outpatient
services, prescription drug fills) across insomnia subtypes using descriptive and
regression analysis.
Aim 3: To quantify and compare all-cause direct medical healthcare costs (i.e., inpatients
visits, emergency department visits, physician office visits, non-physician outpatient
services, prescription drug fills) across insomnia subtypes using descriptive and
regression analysis.
1.5. Analytical framework
Figure 1 describes the analytical framework that was adopted to investigate the
study aims. First, a cluster analysis based on nine chronological steps listed in Figure 1
(described further in Section 3.3.) was conducted to identify and characterize insomnia
subtypes using a national integrated claims-electronic health records (EHR) dataset.
Subsequently, we utilized administrative billing claims data to comprehensively examine
and characterize HcRU and direct medical costs patterns through descriptive and
regression analysis across multiple points of service for the identified subtypes. These
points of service included inpatient visits, emergency department (ED) visits, physician
office visits, non-physician outpatient services, and prescription drug fills.

3

Figure 1: Analytical framework adopted to investigate study aims
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2. Background
2.1. Definition of insomnia
The Diagnostic and Statistical Manual of Mental Disorders, Fifth Edition (DSMV) defines insomnia as a disorder that is characterized by “a persistent difficulty initiating
sleep (DIS), difficulty maintaining sleep (DMS), and/or early morning awakening
(EMA), for at least 3 nights a week over a 3-month period, despite an opportunity for
adequate sleep (i.e. sleep-related complaints cannot be explained by other medical
conditions)”.18 A further requirement of the definition is that the sleep-related complaints
cause a significant impairment in social, educational, behavioral, and/or other important
areas of functioning.18
Importantly, insomnia cannot solely be defined based on a specified amount of
sleep loss.19 Individuals with other sleep disorders or voluntary sleep restriction may also
report similar complaints. For example, approximately 50% of all individuals with OSA
may also display insomnia symptoms.20 Similarly, delayed sleep phase disorder and shift
work disorder are types of circadian rhythm sleep disorders (CRSD) that are associated
with DIS or EMA.19,21 Voluntary behaviors such as abnormal sleep timing (i.e. going to
bed very late or waking up very early) help distinguish CRSD from insomnia. 19 Hence,
these conditions may not require a separate insomnia diagnosis unless the symptoms are
severe and warrant independent clinical attention.
2.2 Prevalence of insomnia
Insomnia is generally considered the most frequently occurring sleep disorder
among adults. Its prevalence varies depending on the diagnostic criteria utilized to
identify the disease. According to the results from a prior national survey, the annual
5

prevalence of insomnia among adults (18 years and older) in the United States (U.S.)
ranges between 4-22% depending on the use of different classification schemes.1 Based
on the same survey, the annual prevalence of insomnia symptoms (DIS, DMS, EMA, or
non-restorative sleep [NRS]), ranges between 25-61% in the adult U.S. population.1
2.3. Clinical, economic, and societal consequences of insomnia
Insomnia represents a significant public health concern due to its debilitating
nature and high individual as well as societal clinical and economic burden. Once
conceptualized as merely a well-documented symptom of several chronic diseases,
insomnia has since been recognized as an independent, co-occurring disorder that is
frequently comorbid with numerous psychiatric disorders and medical conditions.
According to prior literature, individuals with insomnia have an increased likelihood of
developing incident depression (2-times more likely),22 anxiety (5-times more likely),23
and hypertension (5-times more likely)24 relative to those without the disease. Further,
relative to no disease, individuals with insomnia also have a higher risk (1.6 times higher)
of all-cause mortality.25
Prior literature has also documented that insomnia is associated with significant
direct and indirect costs that can be attributable to increased HcRU, treatment-related
expenditures, decreased work productivity, and a higher accident risk. 26 Estimates of
direct medical costs attributable to insomnia in the U.S. range from $2-$25 billion,
annually, depending on the operational definitions and data sources utilized. 27-29 Relative
to matched non-disease controls, medical costs attributable to insomnia have been
estimated to be 26% higher and can be ascribed to the increased use of inpatient, ED,
provider, and treatment- related services.30
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Insomnia also has an adverse impact on an individual’s quality of life (QoL),
especially limiting one’s ability to maintain work and physical performance. 31 Insomniarelated work absences or reduced productivity costs represent the largest proportion
(76%) of the economic burden attributable to the disease. 16 A prior study in a national
sample of adult employees in the U.S. found that insomnia cost workers an average of
$2,280 in lost productivity each year, which translates to $63.2 billion for the U.S.
workforce, annually.3 Additionally, insomnia is also an independent risk factor for
workplace and motor vehicle accidents. 32,33 A prior study found that insomnia-related
accidents or errors resulted in an incremental cost of $10,534 compared to other accidents
or errors at the workplace.33
Overall, prior studies have shown that insomnia poses a significant clinical,
economic, and societal burden. Despite this documented burden, there is limited evidence
to guide the design of preventive strategies and interventions that can be targeted towards
insomnia subtypes at a high risk for adverse clinical and economic consequences. An
understanding of the heterogeneous nature of insomnia, its underlying subtypes, and their
differential impact on clinical and economic outcomes can guide the design of targeted
prevention and treatment strategies to help alleviate the burden of the disease.
2.4. Insomnia heterogeneity
Insomnia is a heterogeneous disorder.5 Individuals with insomnia may differ with
respect to underlying risk factors for the disease, presentation of symptoms,
comorbidities, disease course, and consequences. For example, several
sociodemographic, clinical, and situational factors are associated with an increased
likelihood of developing insomnia such as female sex, 34 advancing age,35 low
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socioeconomic status,35 unmarried marital status,35 psychological distress,36 positive
family history of insomnia,37 and increased stress exposure due to chronic life events. 38 In
terms of symptoms, individuals with insomnia may present with DIS, DMS, EMA, and/or
NRS. Insomnia is also highly comorbid and often shares a bidirectional relationship (i.e.,
it is both a risk factor and consequence) with multiple psychiatric and medical conditions
such as anxiety,39,40 depression,39,40 and chronic pain.41 Additionally, insomnia also
presents as a symptom of sleep disorders such as OSA, a disorder of breathing during
sleep, and CRSD.19,20
Due to its heterogeneous nature, there is a possibility that multiple subtypes of
insomnia exist, each with their own unique multivariate profile of characteristics. 5 A prior
literature review reported that insomnia subtypes could differ across as many as
seventeen domains including patient demographics, sleep-related history and complaints,
personality characteristics or attributes, and several aspects of mental (e.g. depression,
anxiety) and physical (e.g. physical activity) health. 5 As noted earlier, evaluating
insomnia heterogeneity across a range of domains can advance our understanding of the
pathophysiology of the disease and identify potential subtypes for targeted disease
prevention and treatment, resulting in more personalized approaches to insomnia care.
Improvements in insomnia management strategies can also help improve QOL and
reduce HcRU (e.g., decreased physician office visits and prescription drug use).
Consequently, these factors can generate significant cost savings for payers and
policymakers burdened with the responsibility of mitigating the adverse economic
consequences related to the disease. However, a nosology or classification scheme that
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comprehensively explains all features of insomnia heterogeneity remains to be
developed.
2.4.1. Shortcomings of existing nosologies in characterizing insomnia heterogeneity
Diagnostic systems that reliably distinguish a heterogeneous disease into
homogeneous subtypes are vital to guide treatment decision making. Ideally, a diagnostic
classification scheme should consider a comprehensive set of disease-related patient and
clinical characteristics to clearly define distinctive subtypes of the disease. However,
current insomnia nosologies largely focus on a limited number of factors such as
symptom presentation (e.g. DIS, DMS, EMA, NRS), clinical utility, and expert
experience to define disease subtypes. 42 Thus, these factors are insufficient to
characterize the heterogeneity associated with the disease.
Additionally, different nosologies should be consistent in their diagnostic
assignments of subtypes associated with a disease. This means that a group of patients
considered to be homogeneous by one nosology should also be considered homogeneous
by a second nosology. However, prior literature has found that the widely used
Diagnostic and Statistical Manual of Mental Disorders (DSM) and International
Classification of Sleep Disorders (ICSD) nosologies have limited diagnostic
concordance, even when applied to the same patient population. For example, a prior
study based on a large community sample found that only 39.8% of individuals that were
assigned an ICSD insomnia diagnosis also qualified for a DSM insomnia diagnosis.35 In
other words, approximately 60% of individuals with a DSM-assigned diagnosis of
insomnia would be defined as having no disease according to ICSD criteria. This
variability in insomnia assessment may have significant implications for the clinical
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management of insomnia and estimates associated with the economic burden of the
disease.
The concordance between subtypes defined by insomnia nosologies and those
derived from empirical data-driven statistical methods such as cluster analysis have also
been evaluated in prior literature. One study reported that based on the same study
sample, only two of nine subtypes empirically derived using cluster analysis were
identical to those defined by the Association of Sleep Disorders Centers criteria for
insomnia.7 Another study found that based on the same study sample, none of the
fourteen subtypes derived through cluster analysis were identical to those identified by
the DSM and ICSD classification schemes for insomnia. 6 This lack of concordance may
indicate that data-driven methodologies such as cluster analysis may help identify new
subtypes of insomnia that have previously not been described in the literature.
Overall, results from prior studies suggest that existing insomnia nosologies may
not reflect a comprehensive characterization of insomnia heterogeneity. Further,
differences in their structure, design, and definitions of insomnia subtypes can create
variability in the diagnosis, clinical management, and outcomes experienced by insomnia
patients. Finally, the discovery of additional insomnia subtypes through cluster analysis
suggests that current nosologies may benefit from further refinements using cluster
analysis.
2.4.2. A potential role for cluster analysis in a precision medicine approach to
insomnia management
Precision or personalized medicine involves targeting specific sets or groups of
individuals who share an identifiable set of characteristics with interventions to improve
their clinical outcomes and prevent the inefficient use of health system resources and
10

associated costs.43,44 Owing to the heterogeneous nature of insomnia, a one-size-fits-all
approach may be insufficient for its diagnosis and management. Cluster analysis can
form an important first step in designing a precision medicine approach to manage
insomnia.
Cluster analysis is an unsupervised machine learning procedure that groups
individuals according to similarities in their measured characteristics using distance or
correlation metrics.45 The process results in the generation of clusters where individuals
within one cluster are as similar as possible to each other but as different as possible
compared to those in other clusters.45 It can help identify clinically relevant insomnia
subtypes that may have been overlooked by existing insomnia nosologies by detecting
meaningful associations between observed patient characteristics.6,7 Further, it can help
facilitate the identification of the underlying causes of the disease, develop personalized
treatments, and generate costs savings by guiding healthcare planners design effective
prevention and mitigation strategies targeted at high-risk subgroups.
2.4.2.1. Examples of insomnia subtypes and associated outcomes
Over the past four decades, several studies have identified insomnia subtypes
using cluster analysis. These studies differ on several factors such as the population
studied, sample size, characteristics considered for clustering, clustering algorithm used,
and outcomes assessed. Table 1 summarizes the design and main findings associated
with studies using cluster analysis to identify insomnia subtypes. The sections below
describe the main findings from these studies based on the domain of features considered
in the clustering algorithm.
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Sleep laboratory, wearable device, or sleep diary data
Sleep parameters such as sleep onset latency (SOL), wake time after sleep onset
(WASO), total sleep time (TST), and sleep efficiency (SE) are the most frequently used
features to identify clinically relevant insomnia subtypes through cluster analysis. They
may be captured both, objectively using a polysomnogram (not required for diagnosis of
insomnia, but commonly employed in clinical research) or wearable device such as a
wrist-worn actigraph as well as subjectively based on self-report using a sleep diary. One
study based on an insomnia sample affiliated with a university sleep clinic used
objectively measured sleep parameters in a cluster analysis to identify two subtypes that
differed on their sleep duration.9 These were labelled as ‘Insomnia with normal sleep
duration’ and ‘Insomnia with short sleep duration’. In terms of outcomes assessed, the
two subtypes did not differ on neurocognitive performance but varied on their sleep-onset
quantitative electroencephalography and heart rate variability (HRV).9 For example, in
terms of HRV, individuals with short sleep duration displayed attenuated
parasympathetic activity compared to those with normal sleep. 9 Prior literature has found
this activity to be a risk factor for adverse cardiometabolic outcomes. 46
Another study based on an insomnia sample from a university-affiliated sleep
disorders center used subjective sleep parameters of SOL, WASO, and SE based on data
from each participant’s sleep diary to identify disease subtypes through cluster analysis.47
For each participant, sleep data from consecutive nights (in the baseline period prior to
study start date) were used to dichotomize each night of sleep as poor (SOL and/or
WASO ≥ 60 min, SE ≤ 80%) or good. These data were then analyzed as a time series and
participants were clustered into three disease subtypes based on their conditional
probability of having a poor night of sleep. These were labelled as ‘high probability
12

pattern’, ‘low probability pattern’, and ‘unpredictable pattern’. Individuals in the ‘high
probability pattern’ subtype were older, had a higher Insomnia Severity Index (ISI) score,
and were more likely to experience mental fatigue as compared to those in the other two
subtypes. These findings also helped confirm the validity of similar subtypes defined in
prior study.10
Sleep parameters such as SOL, WASO, and TST can also be captured using an
approach referred to as wrist actigraphy.48 This involves wearing a device on the wrist
which helps record an individual’s movement to estimate objective sleep parameters
through computerized algorithms.48 A prior study compared objective and subjective
sleep parameters obtained from each participant’s wrist actigraphy and sleep diary data,
respectively, to determine their sleep-related misperception.49 Each participant’s
misperception of TST (mTST) was calculated by subtracting their subjective TST (sTST)
obtained from sleep diary data from their objective TST (oTST) obtained through
actigraphy (mTST = oTST – sTST). A negative value for mTST indicated that a
participant underestimated or had a misperception about their sleep time. The cluster
analysis used mTST values to identify three disease subtypes that primarily differed on
their average nightly sleep duration.
Sleep-related symptoms
In a prior study based on data from a university-affiliated sleep clinic, scores from
validated self-report instruments of daytime and nighttime symptoms were used to
identify insomnia subtypes.50 For example, the ISI was used to measure severity of
symptoms such as DIS, DMS, and EMA while Epworth Sleepiness Scale was used to
measure the propensity for drowsiness or falling asleep under different situations (e.g.
while driving). Additionally, information about fatigue, sleep-related beliefs, and
13

subjective sleep parameters (SOL, TST, SE) were also considered in the cluster analysis.
The study found three distinctive insomnia subtypes labelled as ‘High Subjective
Wakefulness’, ‘Mild Insomnia’, and ‘Insomnia-Related Distress’ that differed
significantly on parameters such as SOL, WASO, and SE.
Sleep-related beliefs
In a prior study based on data from insomnia patients visiting two medical
centers, cluster analysis was performed on scores from the Dysfunctional Beliefs About
Sleep (DBAS-16) scale to define disease subtypes.51 The analysis yielded four subtypes
referred to as ‘Worried and medication biased’, ‘Low endorsement’, ‘Mild sleep worries’,
and ‘Worried and symptom focused’ depending on their beliefs and concerns about the
biological nature of insomnia and its negative consequences. Subsequent comparisons
between these subtypes found that they differed with regards to their disease severity, use
of sleep-related prescription drugs, and symptoms of psychiatric disorders (e.g., anxiety,
depression). Additionally, except for the ‘Worried and medication-biased’ subtype, all
other subtypes showed a positive treatment response to cognitive behavioral therapy for
insomnia (CBTi) as measured by a change in mean Insomnia Symptom Questionnaire
score.
Personality
Insomnia heterogeneity using cluster analysis has also been assessed based on
personality traits. A prior study utilized the Minnesota Multiphasic Personality Inventory
scale score to determine homogeneous personality subtypes among insomnia patients
visiting a university affiliated sleep clinic. 8 The analysis revealed two major personality
subtypes (referred to as Type 1 and Type 2) that significantly differed with regards to
their baseline sleep history and treatment response. Relative to Type 2 insomnia,
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individuals with Type 1 insomnia were more willing to admit personal faults and
shortcomings, were less psychologically defended, had fewer somatic concerns, and were
more aroused/activated in terms of their personality traits. In terms of outcomes, Type 1
patients had a poorer response to behavioral treatment as measured by change in SOL
compared to Type 2 insomnia.
Multidomain
Several studies have characterized insomnia heterogeneity using cluster analytical
approaches to identify insomnia subtypes based on multiple domains. These include
demographics, sleep-related symptoms and beliefs, personality traits, sleep parameters
(SOL, WASO, TST, SE), and comorbidities. A seminal study based on an insomnia
sample from a single sleep clinic used multiple variables in a cluster analysis to identify
nine disease subtypes (see Table 1).7 The variables included questionnaires related to
psychological functioning and childhood sleep history as well as sleep laboratory values.
The study was the first to demonstrate the utility of cluster analysis in discovering novel
insomnia subtypes (e.g., the study found five subtypes associated with psychiatric
disorders that differed from the DSM nosology) that may have been excluded in
clinically derived insomnia nosologies. Additionally, it also helped display relationships
that had been previously suspected in clinical practice but never confirmed such as that
between childhood insomnia and neurological impairment.
Another seminal study based on data from a single sleep clinic also reported far
from perfect concordance between insomnia subtypes identified through cluster analysis
compared to those defined by insomnia nosologies. 6 Based on a factor analysis, the
derived composite variables inputted into the cluster analysis captured information on
patient demographics (e.g. age), presenting symptoms (e.g. DIS), sleep habits (e.g.
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reading, eating, or working in bed), polysomnographic findings (e.g. TST, SE), and
medical and psychiatric comorbidities. The study identified 14 insomnia subtypes (see
Table 1). Individuals labelled as ‘Older normal sleepers’, ‘Insomnia with borderline
sleep disturbance with behavioral factors’, and ‘Insomnia related to psychological and
behavioral factors’ formed the three most prevalent subtypes in the sample.
In a survey-based study across four geographically diverse counties in Sweden,
scores from the Modified Somatic Perception Questionnaire, Hospital Anxiety and
Depression Score (HADS), and DBAS scores were used to cluster individuals with
insomnia based on arousal, depression, and sleep-related beliefs, respectively.52 The
analysis revealed two subtypes which were labelled as ‘High apprehension’ and ‘Low
apprehension’. Individuals in the ‘High Apprehension’ subtype had higher arousal
(somatic symptoms associated with anxiety), more severe depression, and strong beliefs
regarding the long-term adverse consequences of insomnia compared to those in the
‘Low Apprehension’ subtype.
A study based on an insomnia sample identified using linked medical claims and
survey data evaluated insomnia heterogeneity using cluster analysis that incorporated
four domains.53 These included the nature and length of sleep-related complaints (e.g.
DIS, DMS, NRS), degree of functional impairment (e.g. physical or emotional
dysfunction), comorbidities (e.g. pain, OSA), and the self-reported frequency of over the
counter and prescription drug use. The analysis yielded four insomnia subtypes that
primarily differed on the nature and frequency of symptoms. They were labelled as
‘Weekly symptoms and emotionally distressed’, ‘Transient insomnia with infrequent
symptoms’, ‘DMS’, and ‘Comorbid insomnia with NRS’. One-year direct medical costs
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were also compared across all four subtypes. One-year mean medical costs were highest
($1,408) among individuals in the ‘Comorbid insomnia with NRS’ subtype and lowest
($639) among those with ‘Transient insomnia’ subtype.
The relationship between sleep, fatigue, and health-related quality of life
(HRQoL) has also been evaluated in a prior study by using cluster analysis on a sample
of insomnia patients recruited at a university affiliated hospital sleep center.54 Insomnia
subtypes were identified by clustering individuals on Multidimensional Fatigue Inventory
scores and polysomnographic parameters such as SOL, WASO, and TST. The analysis
found four insomnia subtypes that were labelled as ‘Sleep disturbance and severe
fatigue’, ‘Severe sleep disturbance but milder fatigue’, ‘Milder sleep disturbance but
severe fatigue’, and ‘milder sleep disturbance and milder fatigue’. Health-related quality
of life (HRQoL) as measured through scores from the 36-item Short Form Survey were
found to be lower in both subtypes that had severe fatigue compared to those with milder
fatigue.
A prior exploratory study based on an insomnia sample recruited at a tertiary care
hospital used cluster analysis to distinguish subtypes based on demographic (e.g., age,
sex), sleep (e.g. TST, SOL), personality (e.g. neuroticism, extraversion), and psychiatric
(HADS) characteristics.11 The three subtypes that emerged from the analysis were labeled
as ‘Moderate insomnia with low psychopathology’, ‘Severe insomnia with moderate
psychopathology’, and ‘Early onset insomnia with high psychopathology’. Individuals in
the severe insomnia subtype had higher ISI scores compared to those in the other two
subtypes. Similarly, individuals in the high psychopathology subtype had a higher HADS
compared to those in the other two subtypes.
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In an insomnia sample identified using an online survey-based sleep registry,
disease subtypes were derived using cluster analysis based on several patient
characteristics.55 Patient characteristics were computed using a questionnaire sum score
that covered features of sleep, life history, fatigue and arousal, personality, mood, and
happiness. Based on these characteristics, five subtypes were identified that differed on
subjective happiness, response to pleasurable emotions (i.e., sensitivity to reward), and
reactivity to environmental and life events. These were labelled as ‘Highly distressed’,
‘Moderately distressed but reward sensitive’, ‘Moderately distressed and reward
insensitive’, ‘Slightly distressed with high reactivity’, and ‘Slightly distressed with low
reactivity’. Differences in outcomes such as development of comorbidities including
depression and response to treatments such as benzodiazepines and cognitive behavioral
therapy were also observed across the subtypes. For example, benzodiazepines helped
resolve the DMS symptom in subtypes 2 and 4 but not in subtype 3.
Cluster analysis based on sleep (e.g. sleep start and end time, sleep efficiency) and
daily activity (e.g. distance covered per day, steps walked per day) patterns from a
wearable Fitbit® device were used to identify subtypes in a prior study of a university
sample diagnosed with insomnia.56 The clustering algorithm also considered each
individual’s age, sex, body mass index (BMI), and ISI score for the analysis. The study
found five insomnia subtypes (referred to as subtype A, B, C, D, and E) that helped
explained the important role daily activity plays in helping to achieve better sleep
outcomes. For example, individuals in subtype E displayed significantly (p < 0.01) higher
sleep efficiency than those in subtype C. This was attributable to increased daily activity
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(e.g., higher distance covered per day) among individuals in subtype E compared to those
in subtype C.
2.4.2.2. Limitations of prior literature and unanswered questions
Prior studies which use cluster analysis to identify insomnia subtypes have certain
limitations. First, they may suffer from selection bias in terms of the procedures followed
for recruiting participants and restrictive criteria applied for their study inclusion. For
example, prior studies recruited participants through online media, newspaper
advertisements, flyers distributed at healthcare institutions, or referrals from outpatients
from outpatient clinics.9,47,52,54,55 This may have led to the inclusion of an insomnia
population that was primarily seeking treatment for their sleep-related difficulties.
Further, prior studies excluded individuals with other sleep disorders (e.g. OSA,
CRSD),6,8,10,11,51,53,54 mental disorders (e.g. anxiety, depression),8-11 substance abuse
disorders (e.g. alcohol, caffeine),10,11,51,54 or those using medications that may alter sleep
(e.g. sedatives, hypnotics).6,7,10 Given that insomnia is known to be highly comorbid with
other sleep, mental health, and substance use disorders, their exclusion may have
prevented the identification of key insomnia subtypes that may be observed in a realworld setting. Second, prior studies have primarily used sleep and psychometric
parameters to identify insomnia subtypes, which may be insufficient to characterize the
heterogeneity of this condition.6-11 Third, prior studies that use cluster analysis to identify
insomnia subtypes are mainly based on small, homogeneous and localized samples (e.g.
single-site hospital clinics).6-11,49-51,54 This may limit the generalizability and
reproducibility of identified subtypes, especially in larger and more diverse insomnia
populations. Fourth, despite efforts to quantify differences in clinical outcomes (e.g.,
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comorbidities, treatment response), little is known about differences in HcRU and costs
across insomnia subtypes. A prior study evaluated differences in direct medical costs
across insomnia subtypes identified through cluster analysis. 53 However, the study was
based on a single geographic region (Midwest) in the U.S. and did not provide
information on how utilization and cost patterns may have differed across different points
of service for subtypes.
Given the heterogeneous nature of insomnia, it is likely that its subtypes may have
disparate HcRU patterns and associated costs. A broad examination of these patterns in a
large national sample of insomnia beneficiaries will help improve our ability to identify
and target subtypes at the highest risk for adverse economic consequences with
personalized care and suitable interventions.
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Table 1: Summary of prior studies using cluster analysis to identify insomnia subtypes
Variable domain
used for cluster
analysis
Personality:
Minnesota
Multiphasic
Personality
Inventory scale
score

Study
and year

Hauri et
al, 19837

Psychological:
Depression index
score and Cornell
medical index score

Study
population,
setting, and
sample size
Physician
referred
individuals
seen at a
universityaffiliated sleep
center, USA

Clustering
Method

Insomnia subtypes
(Prevalence, %)*

K-means

9 subtypes:
1) Good sleeper and
insomnia complaint
without objective
findings (23%)
2) Mild hypomania
(12%)
3) Psychophysiological
insomnia (10%)
4) Insomnia associated
with unconventional
lifestyle (14%)
5) Insomnia in depleted
neurotic patients (7%)
6) Insomnia associated
with dysthymia (18%)
7) Childhood insomnia,
moderate (8%)
8) Childhood insomnia,
severe (4%)
9) Hyperreactivity to
stress (3%)

Not
assessed

2 subtypes:
1) Type A insomniacs
that are less
psychologically
defended and more
aroused (46%)
2) Type B insomniacs
that are more
psychologically
defended and less
aroused (42%)

Treatment
response to
behavioral
therapy

N = 99 (89
with insomnia
and 10
controls of
good sleepers)

Laboratory sleep
data:
Sleep onset latency,
number of body
movements per 100
minutes,
Sleep quality:
Subjective
evaluation of sleep
quality in clinic
(worse than home,
average, best in
weeks)
History of
childhood
insomnia:
Age at insomnia
onset, rating of
childhood sleep (no
problem, mild sleep
problem, insomnia
serious enough to
consult physician)
Personality:
Minnesota
Multiphasic
Personality
Inventory scale
score

Edinger
et al,
19888

Individuals
with insomnia
recruited at a
single medical
center, USA

Hierarchical
clustering
using
Veldman’s
method

N = 101
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Outcomes

Table 1: Continued
Variable domain
used for cluster
analysis
Sleep laboratory
data:
Total sleep time,
arousal indices
Symptoms:
Difficulty relaxing
and turning off
mind in bed, sleep
onset or
maintenance
complaints

Study
and year

Edinger
et al,
19966

Study
population,
setting, and
sample size
Individuals
recruited at a
universityaffiliated sleep
center, USA

Clustering
Method

Insomnia subtypes
(Prevalence, %)*

Hierarchical
clustering
using
Ward’s
method

14 subtypes:
1) Older normal
sleepers (22%)
2) Insomnia with
borderline sleep
disturbance associated
with behavioral factors
(7%)
3) Insomnia related to
psychological and
behavioral factors (5%)
4) Insomnia associated
with past or present
psychological
disturbance (13%)
5) Insomnia associated
with physiological
arousal: type l--onset
difficulty (7%)
6) Insomnia associated
with physiological
arousal: type 2-mixed
sleep difficulties (8%)
7) Insomnia associated
with severe periodic
limb movement
disorder (3%)
8) Insomnia associated
with alcohol use (3%)
9) Insomnia associated
with somatized affect
and poor sleep hygiene
(5%)
10) Insomnia associated
with psychological and
behavioral disturbances
(3%)
11) Insomnia associated
with leg movements
and other medical
factors (7%)
12) Insomnia associated
with mild periodic limb
movement disorder
(5%)
13) Insomnia associated
with alcohol
abuse and other organic
factors (3%)

N = 152 (113
with insomnia
and 39
controls of
good sleepers)

Sleep-related
behaviors:
Conflict with self
and others (arguing
in bed), number of
reported
nightmares, leg
complaints (bed
partner reported leg
jerks at night), poor
sleep hygiene
(reported reading,
eating and working
in bed)
Sleep-related
perceptions:
Perceived medical
and psychological
causes of insomnia
Psychological:
Number of
psychological
symptoms, personal
and family mental
health history
Comorbidities:
Shift work disorder,
periodic limb
movement disorder,
number of medical
complaints
Drug abuse:
Alcohol abuse,
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Outcomes

Not
assessed

Table 1: Continued
Variable domain
used for cluster
analysis

Study
and year

Study
population,
setting, and
sample size

Clustering
Method

tobacco abuse,
caffeine abuse
Arousal:
Modified Somatic
Perception
Questionnaire score

JanssonFrojmark
et al,
200852

Sleep-related
beliefs:
Dysfunctional
Beliefs About Sleep
scale score
Psychological:
Hospital anxiety
and depression
score
Sleep laboratory
data:
Sleep onset latency,
wake after sleep
onset, total sleep
time

N = 1,892 (161
insomnia and
1,731 controls)

FortierBrochu
et al,
201054

Symptoms:
Multidimensional
Fatigue Inventory
Score

Sleep-related
beliefs:
Dysfunctional
Beliefs About Sleep
scale score

Survey-based
population
representing
four
population
counties,
Sweden

Individuals
with insomnia
recruited at a
single
universityaffiliated sleep
clinic, Canada

Two-Step
Cluster
Analysis
was used
with loglikelihood as
the
similarity
measure

Hierarchical
clustering
using
Ward’s
method

N = 160

SanchezOrtuno et
al,
201051

Individuals
with insomnia
recruited at
two medical
centers, USA

Hierarchical
clustering
using
Ward’s
method

N =281

Quality of sleep:
Scale ranging from
0 (worst possible
sleep) to 10 (best
possible sleep)
Duration of sleep
problem:

Foley et
al,
201053

Linked
medical claims
and survey
data
representing
the Midwest
region, USA

Latent class
analysis
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Insomnia subtypes
(Prevalence, %)*

14) Insomnia associated
with sleep disruptive
practices (3%)
2 clusters:
1) Low apprehension
(72%)
2) High apprehension
(28%)

4 subtypes:
1) Insomnia with severe
sleep disturbance and
severe fatigue (38%)
2) Insomnia with severe
sleep disturbance and
mild fatigue (43%)
3) Insomnia with mild
sleep disturbance and
severe fatigue (9%)
4) Insomnia with mild
sleep disturbance and
mild fatigue (9%)
4 subtypes:
1) Worried and
medication biased
(25%)
2) Low endorsement
(13%)
3) Mild sleep worries
(33%)
4) Worried and
symptom-focused
(11%)
4 subtypes:
1) Weekly symptoms
and emotionally
distressed (33.2%)
2) Transient insomnia
with infrequent
symptoms (25.5%)
3) Difficulty

Outcomes

Not
assessed

Healthrelated
quality of
life

Treatment
response to
cognitive
behavioral
therapy

Descriptive
direct
medical
costs

Table 1: Continued
Variable domain
used for cluster
analysis

Study
and year

< 3 years. 3-5
years, 6-9 years, ≥
10 years

Study
population,
setting, and
sample size
N = 1,374

Clustering
Method

Insomnia subtypes
(Prevalence, %)*

Outcomes

Individuals
with insomnia
recruited at a
single
universityaffiliated sleep
clinic, Canada

K-means

3 subtypes:
1) High probability
pattern of sleep (42%)
2) Low probability
pattern of sleep (26%)
3) Unpredictable
pattern of sleep (32%)

Not
assessed

Hierarchical
clustering
using
Ward’s
method

2 subtypes:
1) Insomnia with
normal sleep duration
(55%)
2) Insomnia with short
sleep duration (45%)

K-mediods

3 subtypes:
1) Moderate insomnia
with low

Neurocogni
tive
performanc
e, heart rate
variability,
and
quantitative
-EEG at
sleep onset
Not
assessed

Maintaining sleep
(21.9%)
4) Comorbid insomnia
with non-restorative
sleep (19.4%)

Symptoms:
Difficulty initiating,
sleep, difficulty
maintain sleep,
early morning
awakening, feeling
down or sad, worry
Functional
impairment:
Physical,
emotional, and
cognitive
dysfunction
Drug use: Selfreported use of over
the counter and
prescription drug
use
Comorbidities:
Menopause, pain,
apnea, restless leg
syndrome, allergies
Sleep diary data:
Sleep onset latency,
wake after sleep
onset, total sleep
time

Vallieres
et al,
201147

Sleep laboratory
data:
Sleep onset latency,
wake after sleep
onset, total sleep
time

Miller et
al, 20169

Demographic: Age,
gender

Laar et
al,
201711

N =146
Individuals
with insomnia
recruited at a
single
universityaffiliated sleep
clinic,
Australia
N =96
Individuals
with insomnia
referred to a
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Table 1: Continued
Variable domain
used for cluster
analysis

Study
and year

Sleep-related
symptoms:
Insomnia severity
index
Sleep diary data:
Sleep efficiency,
sleep onset latency,
total sleep time

Study
population,
setting, and
sample size
tertiary
medical center,
The
Netherlands

Clustering
Method

Insomnia subtypes
(Prevalence, %)*

Outcomes

2) Severe insomnia
with moderate
psychopathology (27%)
3) Early onset insomnia
with high
psychopathology (28%)

N = 218

Symptoms:
Checklist
individual strength
fatigue severity
score
Personality:
Big five personality
domains including
neuroticism,
extraversion,
agreeableness, and
conscientiousness
Psychological:
Any psychiatric
disorder, hospital
anxiety and
depression score
Symptoms:
Insomnia severity
index, Epworth
Sleepiness Scale,
Glasgow Sleep
effects scale,
Fatigue severity
scale

Crawfor
d et al,
201750

Individuals
with insomnia
recruited at a
single
university
affiliated sleep
clinic, USA

Latent
profile
analysis

N =175
Sleep-related
beliefs:
Dysfunctional
Beliefs About Sleep
scale score
Sleep diary data:
Sleep onset latency,
wake after sleep
onset, and sleep
efficiency, total
sleep time
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3 subtypes:
1) High Subjective
Wakefulness (26.3%)
2) Mild Insomnia
(45.1%)
3) Insomnia-related
distress (28.6%)

Not
assessed

Table 1: Continued
Variable domain
used for cluster
analysis

Study
and year

Sleep-related
misperception:
Misperception of
total sleep time was
calculated by
subtracting the
subjective total
sleep time obtained
from sleep diary
data from the
objective total sleep
time obtained
through actigraphy
Study used data
from validated selfreport instruments
to capture 35
variables (see
reference for
complete list)
across five domains
namely sleep, life
history, fatigue and
arousal,
personality, and
mood

Lindert
et al,
201949

Sleep data from
Fitbit®: Sleep start
time, Sleep end
time, time spent in
bed, total sleep
time, sleep
efficiency, wake
after sleep onset,
frequency of
waking up

Park et
al,
201956

Study
population,
setting, and
sample size
Individuals
with insomnia
referred to a
universityaffiliated sleep
clinic, The
Netherlands

Clustering
Method

Insomnia subtypes
(Prevalence, %)*

Latent class
analysis

3 subtypes:
1) Subtype 1 with
average misperception
time of 0 hours (22%)
2) Subtype 2 with
average misperception
time of -1.4 hours
(49%)
3) Subtype 3 with
average misperception
time of -2.2 hours
(29%)

Not
assessed

Latent class
analysis

5 subtypes:
1) Highly distressed
(19%)
2) Moderately
distressed but reward
sensitive (31%)
3) Moderately
distressed and reward
insensitive (15%)
4) Slightly distressed
with high reactivity
(20%)
5) Slightly distressed
with low reactivity
(15%)
5 Subtypes:
1) Subtype A with
highest calories
consumed (29%)
2) Subtype B with
lowest sleep efficiency
(21%)
3) Subtype C with
lowest distance covered
(10%)
4) Subtype D with
lowest active calories
consumed (29%)
5) Subtype E with
highest sleep efficiency
(12%)

Treatment
response to
benzodiaze
pines and
cognitive
behavioral
therapy,
developme
nt of
depression

N =236

Blanken
et al,
201955

Individuals
with probable
insomnia
registered with
an online
survey-based
sleep registry,
The
Netherlands
N = 2,249

Individuals
with insomnia
at a large
university,
South Korea

Neural-net
based cluster
analysis

N = 42

Outcomes

Not
assessed

Daily activity data
from Fitbit ®:
Calories consumed,
total steps walked,
total distance
covered, total flight
of stairs climbed
*Percentage may not add up to 100% due to rounding or due to certain cluster being dropped from final
analysis due to insufficient sample size

26

3. A cluster analytical approach to identify insomnia subtypes: An integrated
claims-electronic health records data study
3.1. Introduction
Insomnia is the most common sleep disorder among adults in the U.S. with an
annual prevalence ranging between 4-22% depending on the diagnostic criteria used.1 It
is an independent risk factor for several clinical conditions including incident
depression,22 anxiety,23 hypertension,24 and all-cause mortality.25 Further, direct medical
costs attributable to insomnia in the U.S. are estimated to range between $2-$25 billion,
annually.27-29 Despite its public health significance, insomnia management continues to
remain a challenge due to its heterogeneous nature with respect to underlying risk factors,
presentation of symptoms, comorbidities, and associated consequences.
A prior study reported that individuals with insomnia could differ across as many
as seventeen domains including patient demographics, sleep-related history and
complaints, personality traits, and mental health characteristics. 5 Consequently, multiple
subtypes of insomnia may exist, each with their own unique multivariate profile of
characteristics.5 This suggests that a one size fits all approach may not be suitable for
insomnia management. Cluster analysis, an unsupervised machine learning procedure
that groups individuals according to similarities in their measured characteristics, 45 has
been previously explored as an important first step in developing a precision medicine
approach for insomnia care.
Prior studies using cluster analysis have identified insomnia subtypes based on
objective (polysomnogram) or subjective (sleep diary) sleep-related data,9,10,47,49 sleeprelated symptoms,50 sleep-related beliefs,51 or personality traits.8 These characteristics
have also been used in a multidomain analysis in combination with patient demographics
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and clinical conditions to identify subtypes. 6,7,11,52-56 However, these studies have certain
limitations. First, they are primarily based on homogeneous, single-site, clinic-based
samples that consider a limited number of patient characteristics owing to their small
sample size (N = 99 – 218).6-11,49-51,54 Second, they exclude individuals with psychiatric
conditions,7-9,47 substance abuse disorders,10,11,51,54 other sleep disorders,6-8,10,11,51,53,54 or
sleep-altering medication users6,7,10,50 which may prevent the identification of important
insomnia subtypes. Third, they are primarily based on polysomnographic or sleep diary
data that are not readily available in primary care settings to guide insomnia diagnosis
and management.6,9-11,47,49,50,54 Overall, these limitations suggest that cluster analysis on
larger and more diverse insomnia samples using relevant patient characteristics not
confined to traditional diagnostic boundaries may help identify unrecognized insomnia
subtypes of practical utility to further improve our understanding of the disease.
Considering these significant gaps in the literature, the present study utilized a
large national integrated claims-EHR dataset to conduct a high dimensional data-driven
cluster analysis for insomnia subtyping. We included a comprehensive set of patient
related characteristics including demographics, comorbid conditions, symptoms,
previously unexplored EHR-based measures (e.g., vital signs, anthropomorphic
measurements, pain scores), self-reported medication use, and life events to identify
insomnia subtypes. These results can improve our understanding about developmental
trajectories for insomnia diagnosis, facilitate design of tailored interventions that target
mechanisms catalyzing its development, and guide future research to help reduce the gap
between patient experience and clinical decision making.
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3.2. Methods
3.2.1. Data source
This retrospective study utilized an integrated, administrative claims- EHR dataset
for analysis. The administrative claims dataset contains eligibility, medical claims, and
pharmacy claims information for approximately 86 million individuals enrolled in a large
national U.S. health plan. The EHR dataset contains data from multi-specialty practices,
small group practices, physician offices, integrated delivery networks, and hospitals for
approximately 102 million individuals in the U.S. The data provider’s proprietary natural
language processing (NLP) algorithm is applied to unstructured note fields and narrative
text within electronic medical records to capture information on broad clinical concepts
available in the data. These include laboratory results, vital signs, body measurements,
lifestyle observations, self-reported medication use, inpatient-administered medications,
family health history, and disease-related signs and symptoms. All clinical concepts
captured in the data are associated with a date of observation which allows the
longitudinal tracking of key medical events over the patient’s journey. This EHR
information is curated and standardized in order to be linked to the claims data at an
individual level. The resulting integrated dataset contains claims and EHR information
for approximately 25 million insured individuals in the U.S.
3.2.2. Study population
Individuals with insomnia were identified based on insomnia-related diagnostic
billing codes, prescription drug fills, or clinical expressions from between January 1,
2009 and December 31, 2018. A prior study has demonstrated that using information
from physician notes in addition to diagnostic codes results in a more accurate and
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comprehensive capture of individuals with insomnia as compared to using diagnostic
codes alone.57 Inpatient and outpatient claims were searched for the presence of at least
one International Classification of Diseases, Ninth Revision, Clinical Modification (ICD9-CM) or International Classification of Diseases, Tenth Revision, Clinical Modification
(ICD-10-CM) diagnosis code for insomnia (see Table 2). Prescription drug claims were
searched for fills of any U.S. Food and Drug Administration (FDA) approved insomnia
medications available between 2009 and 2018 (see Table 2). The Signs, Diseases, and
Symptoms (SDS) table within the dataset were used to identify NLP-derived clinical
expressions indicative of insomnia (see Table 2). These were reviewed by an insomnia
expert who selected the most clinically relevant terms for our analysis.
Table 2: List of diagnosis codes, medications, and clinical expressions used to identify insomnia
Criteria
ICD-9-CM codes
ICD-10-CM codes
FDA-approved medications to
treat insomnia
Clinical expressions

Codes/Medications
307.41, 307.42, 307.49, 327.00, 327.01, 327.09, 780.52, V69.4
F5101, F5102, F5109, G470, G4701, G4709, G4700
Butabarbital, Secobarbital, Estazolam, Flurazepam, Quazepam,
Temazepam, Triazolam, Eszopiclone, Zaleplon, Ramelteon,
Zolpidem, Doxepin
Sleep issues, sleeping issues, poor sleep, interrupted sleep,
sleeplessness, staying asleep issues. restless sleep, falling asleep
issues, poor sleep, falling or staying asleep issues, unable to sleep,
maintaining sleep issues, broken sleep, starting/maintaining sleep
issue, fitful sleep, cannot sleep at all, fear of falling asleep, sleep
state misperception, lack of sleeping, tossing and turning during
sleep, tosses and turns in sleep, lack of falling asleep, lack of staying
asleep, lack of maintaining sleep, insomnia, persistent insomnia,
initial insomnia, middle insomnia, psychophysiological insomnia,
terminal insomnia, paradoxical insomnia, rebound insomnia

The SDS table within the dataset allows investigators to identify NLP-derived
medical concepts from provider notes that relate to a patient’s condition. Further, the
SDS table also provides information on sentiments associated with the clinical
expression. For the present study, sentiments including ‘observe’, ‘present’, ‘concern’,
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‘diagnose’, ‘affected’, ‘have’, ‘express’, ‘complain’, ‘feel’, ‘positive’, ‘suspect’,
‘develop’, ‘exhibit’, ‘seem’, ‘potential’, ‘consider’, and ‘accept’ were used in conjunction
with insomnia-related clinical expression to ascertain a confirmatory diagnosis.
Individuals with a null value for sentiments were required to have at least two insomniarelated clinical expressions that occurred at least 30 days apart during the study period for
inclusion. The index date was defined as the date of the first eligible inpatient claim,
outpatient claim, prescription drug claim, or clinical expression for insomnia.
Individuals were considered for study inclusion if they met the following criteria:
1) are adults aged 18-64 years old on the index date; 2) have continuous medical and
prescription drug coverage from 12 months prior to (baseline period) through 12 months
following (follow-up period) the index date in the claims data; 3) have clinical activity in
the EHR database during the baseline and follow-up period; 4) had at least one recorded
value for clinical observations (e.g. blood pressure, body mass index, pain score) during
the baseline period. Individuals were excluded from the study according to the following
criteria: 1) had an insomnia-related diagnosis claim, prescription claim, or clinical
expression during the baseline period (to identify newly diagnosed cases); 2) had
negative sentiments (e.g., not present, absent) associated with insomnia related clinical
expressions on index event (to avoid unintended inclusion of rule-out diagnosis). Figure
2 represents insomnia identification, baseline, and follow-up periods for the present study
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Figure 2: Study design representing insomnia identification, baseline, follow-up, and study periods

3.3. Cluster analysis
Cluster analysis is defined as the process of grouping objects into multiple
subgroups or clusters such that objects within the same cluster have a high degree of
similarity (low intra-group variance) but are very dissimilar (high inter-group variance) to
objects in other clusters.45,58 The similarity or dissimilarity between objects depends on
the value of the underlying attributes or features that describe them and is usually
determined using a distance or correlation measure. 45 Cluster analysis is an unsupervised
machine learning technique which includes no a priori information to help define cluster
labels. Cluster labels represent the use of a set of informative keywords that summarize
the underlying characteristics of a cluster.59 Information to guide cluster labelling in
unsupervised machine learning is solely derived from the data in contrast to supervised
machine learning techniques such as logistic regression, support vector machines, and
classification that require class label information prior to the analysis. Hence, cluster
analysis is a data mining technique that learns by observation, in contrast to supervised
methods that learn by example.45
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3.3.1. Steps involved in identifying insomnia subtypes through cluster analysis
The key steps involved in the cluster analysis to identify insomnia subtypes are
described below and illustrated in Figure 3.
Figure 3: Steps involved in the identification of insomnia subtypes through cluster analysis

3.3.1.1. Identifying candidate features
A feature is a data field that represents the characteristic of a data object. 45 The
term ‘feature’ can be used interchangeably with other terms such as ‘attribute’ or
‘variable’.45 The term ‘feature’ is more commonly used in the machine learning literature
as compared to the terms ‘attribute’ and ‘variable’ which are more commonly used by
database professionals and statisticians, respectively. 45 To identify insomnia subtypes
using a hypothesis generating approach such as cluster analysis, it is important to include
every feature that helps describe or is broadly representative of insomnia heterogeneity. If
relevant variables are excluded, the cluster analysis may be unable to discover clinically
meaningful subtypes that would have otherwise been distinctive. Conversely, if features
that are not relevant or do not explain insomnia heterogeneity are included, the analysis
may generate subtypes that have no clinical significance and can be misleading. In the
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present analysis, we identified a set of features that explain insomnia heterogeneity based
on a review of prior literature, clinical input from an insomnia expert, and their
availability in the data. Table 3 summarizes the list of features that were included in the
cluster analysis.
Table 3: List of features that were included in the cluster analysis
Type of feature
Sociodemographic
Comorbidity burden
due to chronic
conditions

Mental health
comorbidities
Sleep comorbidities

Candidate features
Age, sex, race/ethnicity
Deyo’s Charlson comorbidity index score (based on 17
conditions): AIDS, any malignancy, cerebrovascular
disease, chronic pulmonary disease, congestive heart
failure, dementia, diabetes with complications, diabetes
without complications, hemiplegia or paraplegia, metastatic
solid tumor, mild liver disease, moderate-severe liver
disease, myocardial infarction, peptic ulcer disease,
peripheral vascular disease, renal disease, rheumatic disease
Depression, anxiety, bipolar disease
Obstructive sleep apnea, restless leg syndrome

Substance use disorders

Drug use disorder

Anthropometric and
clinical observations
Life event and family
history of disorders

Blood pressure, body mass index, pain score

Behavioral
characteristics
Medication use
Effects of insomnia

Violence or abuse
Suicide ideation, suicide attempt, or self-inflicted harm
Family history of mental disorders
Preventive service use
Smoking status
Alcohol use status
Over-the-counter sleep aid
Off-label medication use associated with insomnia
Fatigue, moodiness, irritability or anger, lack of
concentration, poor memory, lack of motivation or energy,
upset stomach, mistakes or accidents at work or while
driving, headache
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Source
Claims
Claims

Claims and
EHR
Claims and
EHR
Claims and
EHR
EHR
EHR
Claims and
EHR
EHR
Claims
EHR
EHR
EHR
Claims
EHR

Sociodemographic characteristics
Sociodemographic characteristics of interest included age at diagnosis, sex, and
race/ethnicity. These characteristics were determined on the index date.
Comorbidities
The Charlson comorbidity index (CCI) score was used to determine the
comorbidity burden of the sample during the baseline period based on the presence of
diagnostic codes (ICD-9 or ICD-10) in the medical claims data.60 In addition to CCI
score, we also determined the presence of mental health conditions, sleep disorders, and
drug use disorder during the baseline period. The mental health conditions included in the
cluster analysis model were anxiety, depression, bipolar disease, and post-traumatic stress
disorder (PTSD). The sleep disorders included in the model were OSA and restless leg
syndrome (RLS). These comorbidities were identified using diagnostic codes (ICD-9 or
ICD-10) in the claims data as well through NLP-derived clinical expressions indicative of
these conditions from physician notes in the EHR data. A comprehensive list of the
diagnostic codes and clinical expressions used to identify these conditions can be found
in Appendix Table 1 and Appendix Table 2, respectively.
Anthropometric characteristics and clinical observations
Anthropometric characteristics and clinical observations were determined during
the baseline period using the EHR data. We categorized BMI into four clinically relevant
subcategories as per the Centers for Disease Control and Prevention (CDC) classification
scheme for assessing weight in adults.61 The categories included underweight (< 18.5
kg/m2), normal or health weight (18.5 kg/m 2 – 24.9 kg/m2), overweight (25 kg/m2 – 29.9
kg/m2), and obese (≥ 30 kg/m2). Systolic blood pressure (SBP) and diastolic blood
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pressure (DBP) readings were used to categorize blood pressure (BP) into clinically
relevant subcategories as per the American Heart Association (AHA) recommendations.62
The categories included normal (SBP < 120 mm Hg, DBP < 80 mm Hg), elevated (SBP
between 120-129 mm Hg, DBP < 80 mm Hg), and hypertension (SBP ≥ 130 mm Hg,
DBP ≥ 80 mm Hg). Pain scores were captured using the numeric rating scale (0-10), a
method widely used to estimate the intensity of pain experienced by an individual, where
‘0’ represents no pain and ‘10’ represents unbearable pain. Based on optimal cut-off
points defined in prior literature,63 pain scores were categorized as no pain (0), mild pain
(1-3), moderate pain (4-6), and severe pain (7-10) for the present study. For individuals
that had multiple observations for BMI, BP, or pain scores during the baseline period,
only the only last observation prior to the index date was considered for the analysis.
Life events and family history of disorders
We captured patient self-reported history of violence or abuse using NLP-derived
expressions captured in physician notes from the EHR data. Similarly, we also captured
patient self-reported family history of mental disorders. Additionally, an individual’s
prior history of suicide ideation, suicide attempt, or self-inflicted harm was captured
using both NLP-derived expressions from the EHR data as well as diagnostic codes
(ICD-9 or ICD-10) from the claims data. These terms and codes are summarized in
Appendix Table 1 and Appendix Table 2, respectively.
Behavioral characteristics
We captured the receipt of preventive services as a proxy for an individual’s
health-seeking behavior using claims dataset. Based on guidance from prior literature,64
we created a composite measure based on any utilization of the following healthcare
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services during the baseline period: at least one claim for influenza vaccination,
colorectal cancer screening (fecal occult blood test), prostate cancer screening (prostate
specific antigen blood test) for males only or mammography screening for females only.
We used Current Procedural Terminology (CPT) and Healthcare Common Procedure
Coding System (HCPCS) to identify the receipt of these services. Patient reported
smoking and alcohol status recorded during discrete interactions with healthcare
providers were determined using the EHR data. Smoking status was categorized as
current smokers, previously smoker or not currently smoking, never smoked, and
unknown smoking status. Alcohol status was categorized as consumes alcohol, does not
consume alcohol, and unknown alcohol status.
Medication use
We identified the use of over the counter (OTC) sleeping aids using the EHR
data. This was defined as patient self-reported use of melatonin, doxepin, and
diphenhydramine during discrete interactions with healthcare providers in the baseline
period. We also identified the dispensing of medications that may be used in the off-label
treatment of insomnia. This was defined as having at least one prescription drug claim for
amobarbital, pentobarbital, phenobarbital, metharbital, lorazepam, oxazepam, chloral
hydrate, hydroxyzine, amitriptyline, nortriptyline, clomipramine, trazadone, nefazodone,
mirtazapine, quetiapine, and trazadone (≤ 150 mg) during the baseline period.
Effects of insomnia
We captured the occurrence of insomnia-related effects based on guidance from
the American Academy of Sleep Medicine (AASM) using NLP-derived clinical
expressions indicative of these conditions from physician notes in the EHR data during
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the baseline period. These included fatigue, moodiness, irritability or anger, lack of
concentration, poor memory, lack of motivation or energy, upset stomach, mistakes or
accidents at work or while driving, and headache. Additionally, we also captured the
presence stress and daytime sleepiness using a similar approach over the same period.
The list of clinical expressions used to identify these conditions can be found in
Appendix Table 2.
Handling missing data
Cluster analysis cannot be applied to incomplete data without suitable preprocessing.45,65 First, a complete case analysis may be adopted, where observations with
missing values are dropped to ensure that cluster features do not have incomplete
information.45,65 Alternatively, data imputation techniques using regression analysis that
follow mechanisms based on type of missing values namely, Missing Completely at
Random, Missing at Random, and Missing Not at Random may also be used. 66
Additionally, for categorical features, a missing category can be included in the cluster
analysis.67 For the present cluster analysis, given the hypothesis-generating nature of the
research question and the data-driven approach to determine subtypes, we will adopt a
complete case analysis approach. While this approach may limit the generalizability of
our findings, it ensures that our results have a degree of internal validity based on the
selected sample.
Feature standardization
The type of features that may be included in the final clustering algorithm can be
nominal, binary, ordinal, or numeric. Nominal features have no intrinsic or meaningful
ordering.45,65 For example, marital status is a nominal feature that can take values such as
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single, married, divorced, or widowed. While each of these can be represented by integer
values, these integer values cannot be used quantitatively as their ordering is not guided
by any meaningful ranking. A binary feature is a nominal feature that can be represented
by only two categories, ‘0’ and ‘1’ where ‘0’ indicates that the feature is absent while ‘1’
indicates that the feature is present. For example, the results of a medical test can be
represented as a binary feature where ‘1’ represents a positive result and ‘0’ represents a
negative result. Ordinal features have a meaningful ordering or ranking. 45,65 For example,
if hospital size corresponds to the number of beds in each hospital, the ordinal feature
hospital size can have possible values that follow a meaningful sequence such as 1 =
small, 2 = medium, and 3 = large. Collectively, features that are nominal, binary, or
ordinal can be considered as qualitative or categorical in nature. Conversely, numeric
features are quantitative in nature and are represented by integer or real values. Examples
include features such as age, blood pressure readings, and hemoglobin levels.
In order to group individuals based on similarity or dissimilarity measures, most
clustering algorithms require inclusion of features that are of the same type and are
measured on a common scale.45,65 For example, we may consider two continuous features
such as age measured in year and income measured in U.S. dollars for the cluster
analysis. However, income values may be much larger than those of age. Hence, if the
features are not normalized, distance or similarity measures for income may outweigh
those for age. This can be achieved using approaches such as feature transformation,
feature encoding, and/or feature scaling.67 For example, if a majority of features in our
data are categorical in nature, we can transform all quantitative features into meaningful
categories (e.g. categorize age into clinically relevant age categories) to achieve

39

homogeneity and overcome difficulties with clustering mixed-type data.65 Further, when
standardizing categorical variables, it is important to determine how they are encoded
(nominal, ordinal, or binary). One approach to standardize categorical features is to
encode features that have multiple levels (e.g. race, marital status) as binary, with each
level considered as a single binary feature.68 If only continuous features are to be
considered for the cluster analysis, feature scaling can be utilized to rescale or standardize
these features to a common scale.67 Standardizing continuous features to z-scores or
normalizing each continuous feature such that its interval falls between a smaller range
such as between ‘0’ to ‘1’ are common methodologies that can be adopted for this
purpose.45,67
For the present study, all continuous features (e.g., age, BP, BMI) in the data will
be categorized into clinically meaningful levels based on input from a clinical expert or
guidance from clinical guidelines. Categorical features with multiple levels will be
encoded as binary, with each level representing a single binary feature. The final
clustering model will contain only binary features to ensure that similarity measures to
group individuals into insomnia subtypes can be efficiently calculated.
Dimensionality reduction
In a cluster analysis, the degree of computation and redundancy increases
dramatically with the use of a large number of features. A solution for this problem is to
first perform a dimensional analysis on the data to identify a final set of parsimonious
features that can be included in the final analysis. Dimensionality reduction can be
defined as a reduced representation of the original data set that is smaller in size, contains
a smaller number of features, and yet produces the same (or almost the same) analytical
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results.45 Correlation analysis such as determining the Pearson’s chi-square statistic for
binary variables and the Pearson’s correlation coefficient for continuous variables can be
used to identify and drop redundant variables.45 The resulting dataset without any
extraneous variables aids the efficient exploration of data by helping unsupervised
machine learning algorithms such as cluster analysis run faster. However, it is also
possible that the initial set of candidate features may be small enough to be easily
analyzed with existing statistical software and make the dimensionality reduction analysis
unnecessary. In the present analysis, alcohol use disorder and tobacco use disorder were
not included in the cluster analysis model due to their high correlation with alcohol use
status and smoking status, respectively (as determined using Pearson’s chi-square test).
Choice of similarity or dissimilarity measure
Cluster analysis relies on similarity (or dissimilarity) measures to help group
objects together. These can be considered as measures of proximity between two
objects.45 For example, a similarity measure for two objects ‘i’ and ‘j’ will be ‘0’ if they
are very different. A higher value of the similarity measure (value of ‘1’ = complete
similarity) represents greater proximity between two objects. Conversely, for
dissimilarity measures, a value of ‘1’ represents a high degree of dissimilarity between
two objects while a value of ‘0’ indicates that the two objects are alike. It is important to
understand two data structures that are commonly used in the calculation of similarity
and dissimilarity values. These include the data matrix which can be used to store data
objects and the dissimilarity matrix which can be used to store dissimilarity values for all
pairs of objects.45
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Consider that we have ‘n’ objects (e.g., ) that can be described by ‘p’ features
(e.g. age, sex). Hence, objects can then be represented as x1 = x11, x12, …x1p; x2 = x21, x22,
…x2p, and

so on, where xij represents the value for object ‘i’ for the ‘j th’ feature. Hence the

data structure that stores these objects can be represented by an n-by-p matrix (N-objects
× p-features) where each row represents an object and each column represents a feature
of the object as follows:
𝑥11
𝑥21
[…
𝑥𝑛1

…
…
…
…

𝑥1𝑝
𝑥2𝑝
…]
𝑥𝑛𝑝

A dissimilarity matrix represents proximity values for all possible pairs of objects
in the data.45 If we have two objects ‘i’ and ‘j’, then ‘d’ represents a non-negative value
of dissimilarity between the two. A value closer to ‘0’ for ‘d’ represents that the objects
are similar while a value of ‘1’ represents that the objects are not alike. The distance
between d(i, i) = 0 represents the dissimilarity between the object and itself. Further the
value of d(i, j) is always equal to the value of d(j, i). The dissimilarity matrix can be
represented as follows:
0
𝑑21
𝑑31
…
[𝑑𝑛1

…
0
𝑑32
…
…

…
…
0
…
…

… …
… …
… …
0 𝑥𝑛𝑝
… 0 ]

The measures of similarity between two objects ‘i’ and ‘j’ can be expressed as a
function of their dissimilarity.
sim(i, j) = 1 - d(i, j)
For the present study we will calculate the similarity for binary features
depending on whether they are symmetric or asymmetric. A binary feature can be
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considered as symmetric if both possible states carry equal importance and there is no
preference as to how the outcome should be coded. 45 For example, sex may be coded as
‘0’ or ‘1’ where ‘1’ represents female and ‘0’ represents male or vice versa. A binary
feature can be referred to as asymmetric if its two states are not equally important and
there is usually preference for how they should be coded. 45 For example, the result of a
medical test will be coded as ‘1’ for a positive outcome and ‘0’ for a negative outcome.
Consider a 2×2 contingency table for two objects ‘i’ and ‘j’ with the value ‘1’
representing a positive outcome for a feature while ‘0’ represents a negative outcome for
a feature (Table 4). Assume that ‘q’ represents the number of features that have a value
of ‘1’ for both objects ‘i’ and ‘j’; ‘r’ represents the number of features that have a value
of ‘1’ for object ‘i’ and ‘0’ for object ‘j’; ‘s’ represents the number of features that have a
value of ‘0’ for object ‘i’ and ‘1’ for object ‘j’; ‘t’ represents the number of features that
have a value of ‘0’ for object ‘i’ and ‘0’ for object ‘j’; ‘p’ represents the total number of
features (p = q + r + s + t).
Table 4: Contingency table to help calculate the degree of dissimilarity between two objects
Object ‘j’

Contingency table
Object ‘i’

1
q
s
q+s

1
0
sum

0
r
t
r+t

Sum
q+r
s+t
q+r+s+t

The dissimilarity between two objects ‘i’ and ‘j’ for symmetric binary features
can be calculated as d(i, j) =

𝑟+𝑠
𝑞+𝑟+𝑠+𝑡

.45 Alternatively, the dissimilarity between two

objects ‘i’ and ‘j’ for asymmetric binary features can be calculated as d(i, j) =

𝑟+𝑠

.45

𝑞+𝑟+𝑠

Complementarily, the similarity between two objects ‘i’ and ‘j’ that have asymmetric
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binary features can be calculated as s(i, j) =

𝑞
𝑞+𝑟+𝑠

. The measure used to calculate

similarity or dissimilarity between asymmetric binary features is referred to as the
Jaccard coefficient in the machine learning literature.45
Clustering algorithm
Partitioning represents a fundamental mechanism underlying cluster analysis that
helps organize objects within a given set of data into a predefined number of mutually
exclusive groups or clusters.45 Specifically, partitioning algorithms can be applied to any
dataset ‘D’ which contains ‘n’ number of objects to produce ‘k’ number of mutually
exclusive partitions or clusters (k ≤ n).45 The objects within the dataset are organized into
clusters based on partitioning criterion such as distance or dissimilarity functions such
that they have intra-cluster similarity and high inter-cluster dissimilarity. The k-means
algorithm is a widely used partitioning based approach for cluster analysis. However, a
limitation of the k-means algorithm is that it can only handle numeric features or those
measured on the ratio-scale which prevents its use or application for large real-world
healthcare datasets, that frequently contain categorical features. 69 The k-modes algorithm,
an extension of the k-means algorithm, utilizes a frequency-based approach to update
modes (as opposed to means) during the clustering process in order to group objects
based on similarity or dissimilarity on their measured categorical or nominal features. 69
The example below highlights the different steps involved in the k-modes clustering
process.
Consider a sample of seven objects that will organized into three clusters based on
a set of ten binary features (represented as F1-F10 with values of ‘0’ or ‘1’) displayed in
Table 5.
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Table 5: Hypothetical data structure with ten objects (rows) and ten features (columns)
Objects
Object 1 (centroid 1)
Object 2
Object 3
Object 4
Object 5 (centroid 2)
Object 6
Object 7
Object 8
Object 9
Object 10 (centroid 3)

F1
0
0
0
0
0
1
1
0
1
0

F2
0
0
0
0
0
1
1
1
1
0

F3
0
1
0
0
0
0
1
0
1
1

F4
1
1
0
1
0
0
0
0
1
0

Features
F5
F6
0
0
0
1
0
1
0
0
1
1
1
1
1
1
0
0
1
1
0
0

F7
0
0
0
1
0
0
0
1
0
1

F8
1
0
0
0
0
0
1
1
0
1

F9
0
0
0
1
0
0
0
1
1
0

F10
1
0
0
1
0
1
1
0
1
1

Given that the data will be organized into three clusters, three centroids are
arbitrarily chosen by the k-modes algorithm at the start of the clustering process. For this
example, Object 1, Object 5, and Object 10 are chosen as the cluster centroids.
Dissimilarity between each centroid and remaining objects in the data will be examined
to group them into distinct clusters. Since Object 1, Object 5, and Object 10 represent
cluster centroids, dissimilarity will not be assessed between these objects. Hence, Object
1, Object 5, and Object can be assigned to Cluster 1, Cluster 2, and Cluster 3,
respectively.
Contingency Table 6, Table 7, and Table 8 represent the degree of dissimilarity
between Object 2 and all three centroids in the data as chosen by the clustering algorithm.
Table 6: Contingency table to calculate the degree of dissimilarity between object 2 and centroid 1
Contingency table
Object ‘2’

1
0
sum

1
1 (q)
1 (s)
2 (q + s)
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Object ‘1’ (centroid 1)
0
Sum
2 (r)
3 (q + r)
5 (t)
6 (s + t)
7 (r + t)
9 (q + r + s + t)

Table 7: Contingency table to calculate the degree of dissimilarity between object 2 and centroid 2
Contingency table
Object ‘2’

1
1 (q)
1 (s)
2 (q + s)

1
0
sum

Object ‘5’ (centroid 2)
0
Sum
2 (r)
3 (q + r)
6 (t)
7 (s + t)
8 (r + t)
10 (q + r + s + t)

Table 8: Contingency table to calculate the degree of dissimilarity between object 2 and centroid 3
Contingency table
Object ‘2’

1
1 (q)
3 (s)
4 (q + s)

1
0
sum

Object ‘10’ (centroid 3)
0
Sum
2 (r)
3 (q + r)
4 (t)
7 (s + t)
6 (r + t)
10 (q + r + s + t)

Based on Table 6, the dissimilarity between Object 2 and centroid 1 (Object 1)
can be calculated as d(2, 1) =

𝑟+𝑠

3

= 9 = 0.33. Similarly, based on Table 7 the
𝑞+𝑟+𝑠+𝑡

dissimilarity between Object 2 and centroid 2 (Object 5) can be calculated as d(2, 5) =
𝑟+𝑠

3

= 10 = 0.30. Lastly, based on Table 8, the dissimilarity between Object 2 and
𝑞+𝑟+𝑠+𝑡
centroid 3 (Object 10) can be calculated as d(2, 10) =

𝑟+𝑠
𝑞+𝑟+𝑠+𝑡

=

5
10

= 0.5. These

findings indicate that Object 2 is least dissimilar (most similar) to centroid 2 and hence,
will be assigned to cluster 2. As described above for Object 2, the dissimilarity between
all remaining objects and clusters centroids will be calculated to help determine their
cluster assignment. After the initial cluster assignment, modes are updated for each
cluster and dissimilarity is retested between objects within a cluster and the mode of the
cluster they are assigned to as well as modes of other clusters. If the nearest mode for an
object lies in another cluster, the object is reallocated to that cluster and modes for all
clusters are again updated. This process continues until no object has changed clusters.
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Determining the optimum number of clusters
One of the main challenges associated with cluster analysis is selecting the
optimum number of clusters for the final solution, which is not known a priori. Most
often, the key determinant behind choosing the optimum number of clusters for the final
solution is input from a clinical expert.65 A very small number of clusters may prevent the
adequate characterization of disease heterogeneity due to individuals with varying
characteristics being grouped into a single cluster. Conversely, a very large number may
lead to difficulties in interpretation due to esoteric differences between clusters that may
not be clinically meaningful. Comparing clustering results for different values of ‘k’ can
help identify a final clinically meaningful solution. We adopted an empirical approach to
determine the optimum number of clusters for the present study. We generated cluster
solutions for different values of ‘k’ (3, 4, 5, 6), where ‘k’ represents the number of
clusters. Except for cluster solution where k =3, each solution contained one additional
cluster as compared to the previous one. Each cluster solution was characterized based
features included in the clustering model. Results for cluster solutions where ‘k = 3’ and
‘k = 4’ are displayed in Appendix Table 3 and Appendix Table 4, respectively. Results
for cluster solution where ‘k = 6’ are not displayed due small cell sizes that result in a
loss of information and restrict the meaningful interpretation of subtypes. Based on
parsimony of the cluster solution, sample sizes of the subtypes, and their clinical
significance, cluster solution where ‘k = 5’ (results displayed in the section below) was
chosen as the optimal solution for the present study.
Characterization and interpretation
We described baseline measures of interest based on the nature of the variable.
We reported proportions for binary or categorical variables and summary statistics [mean,
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standard deviation (SD)] for continuous variables. In the descriptive analysis, Pearson’s
Chi-square test was used to estimate differences in categorical variables between
insomnia subtypes determined using cluster analysis. Similarly, Analysis of Variance
(ANOVA) tests were used to estimate differences in continuous variables across
insomnia subtypes.
In addition to variables included in the cluster analysis model, we also compared
insomnia subtypes on other sociodemographic and clinical factors that are not associated
with the development of insomnia. The sociodemographic factors included region of
residence and insurance status that were determined on the index date for the sample. The
clinical factors included pulse values, pulse oximetry values that indicates an individual’s
oxygen saturation, and respiratory rate which were measured during the baseline period.
3.4. Results
3.4.1. Characteristics of overall study population
A total of 17,124 individuals with insomnia met the study inclusion criteria. A
consort diagram illustrating cohort inclusion and exclusion criteria is presented in
Appendix Figure 1. The mean age at diagnosis for the study sample was 46 years old. A
majority of the sample was female (65.6%), Non-Hispanic (N-H) Caucasian (65.6%),
commercially insured (70%), residing in the Midwest geographical region (42.8%) of the
United States. Table 9 summarizes the demographic and clinical characteristics for the
total sample and by cluster membership.
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Table 9: Demographic and clinical characteristics of study sample by cluster membership
Total
N =17,124
(100%)
Col %

Cluster 1
N = 4,910
(28.6%)
Col %

Cluster 2
N = 4,353
(25.4%)
Col %

Cluster 3
N = 4,205
(24.6%)
Col %

Cluster 4
N = 885
(5.2%)
Col %

Cluster 5
N = 2,771
(16.2%)
Col %

Age*
Mean ± SD
46.2 ± 12.7 46.7 ± 12.3 43.5 ± 13.4 48.4 ± 12.1 47.9 ± 10.0 45.6 ± 13.1
18-25
8.8
7
13.5
5.8
6.6
10
26-35
14.4
14.7
17
12.2
5.5
15.8
36-45
18.7
19.4
21.3
17.2
11
18.2
46-55
28.3
28.3
23.2
27.9
64.3
25.6
56-64
29.8
30.7
25
36.9
12.7
30.4
Sex*
Female
65.6
61.5
74.4
63.3
62.7
63.6
Male
34.4
38.5
25.6
36.7
37.3
36.4
Race/Ethnicity*
N-H Caucasian
65.6
75.5
33.9
83.9
41
77.6
N-H African
10.4
American
8.9
18.1
5.5
19.1
5.7
Hispanic
6.0
3.8
12.7
3
10.3
2.9
Other/Unknown
18.0
11.8
35.3
7.6
29.6
13.9
Region*†
South
6.4
5.7
6.3
8.0
7.3
5.2
Northeast
30.0
28.7
24.5
32.1
28.1
38.3
West
16.5
12.4
28.8
9.6
24.1
12.7
Midwest
42.8
49.2
34.3
46.8
35.5
40.7
Unknown
4.3
4.0
6.0
3.5
5.0
3.1
Insurance*†
Medicaid
16.7
7.5
35.9
9.5
30.6
9.7
Commercial
70.0
81.2
50.3
73.6
52.9
80.4
Medicare
6.9
(advantage)
3.6
10.0
9.3
11.1
3.0
Unknown
6.4
7.7
3.8
7.6
5.4
7.0
Index year*†
2009-2015
31.1
34.5
24.0
35.2
30.1
30.0
2016-2018
68.9
65.5
76.0
64.8
69.9
70.0
CCI score*
Mean ± SD
0.7 ± 1.5
0.5 ± 1.2
0.9 ± 1.6
1.0 ± 1.7
0.9 ± 1.7
0.5 ± 1.3
0
67.4
72.4
63
61
64.7
75.9
1-2
15.6
14.8
17.5
17.5
16.8
10.9
>2
17.0
12.8
19.5
21.5
18.4
13.2
Pulse*†
Bradycardia
4.7
4.7
3.4
4.5
4.9
7.0
Normal range
87.4
87.4
87.7
87.3
86.1
87.5
Tachycardia
7.9
7.9
8.9
8.2
9.0
5.5
Breathing rate*†
Bradypnea
1.3
1.6
0.8
1.2
1.6
1.5
Normal range
95.2
95.1
95.8
94.6
94.2
95.4
Tachypnea
3.5
3.3
3.4
4.2
4.2
3.1
Blood oxygen*†
< 94
8.4
8.5
6.8
11.2
8.8
6.0
95-100
91.6
91.5
93.2
88.8
91.2
94.0
* Statistically significant difference between clusters (P < .05) † Not included in the clustering algorithm
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3.4.2. Cluster profiles
The cluster analysis resulted in a five-cluster solution. The resulting clusters were
compared based on cluster input parameters (listed in Table 3). Labels were assigned to
each subtype using a set of informative keywords that summarized the most outstanding
clinical features.
Cluster 1: Insomnia associated with obesity and hypertension
Cluster 1 contained the greatest number of individuals (N = 4,910) and comprised
28.6% of the total sample. Cluster 1 had the highest proportion (68.6%) of individuals
who were categorized as obese and displayed hypertension (60.6%). A comparison of the
BMI and BP profiles across the study clusters are displayed in Figure 4 and Figure 5,
respectively.
Figure 4: Body mass index characteristics of the full study sample and by cluster membership

* Statistically

significant difference between clusters (P < .05)
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Figure 5: Blood pressure characteristics of the full study sample and by cluster membership

* Statistically

significant difference between clusters (P < .05)

Cluster 2: Insomnia associated with mental health conditions and chronic pain
Cluster 2 comprised 25.4% of the total sample. Individuals in this cluster
displayed the highest prevalence of mental health conditions (Figure 6) in the sample:
Depression (78.5%); anxiety (74.6%); bipolar disease (12.6%); and PTSD (5.6%).
Figure 6: Prevalence of mental health conditions in the full study sample and by cluster membership

* Statistically

significant difference between clusters (P < .05)
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In addition to mental health comorbidities, cluster 2 had the highest proportion of
individuals who experienced severe pain (27.9%). Pain profiles for the study sample and
by cluster membership are displayed in Figure 7.
Figure 7: Pain profiles of the full study sample and by cluster membership

* Statistically

significant difference between clusters (P < .05)

Other notable features for individuals in cluster 2 included the highest prevalence
of insomnia-related effects (Figure 8), history of life events (Figure 9), OTC sleep aid
use (Figure 10), and use of medications that may be used off-label for insomnia (Figure
10). The insomnia-related effects included headache (77%), mistakes or accidents at
work or while driving, daytime sleepiness (5.8%), stress (35.4%), lack of motivation or
energy (2.7%), poor memory (9%), lack of concentration (8.2%), irritability or anger
(24.8%), and moodiness (12.7%). Life events captured for the clusters included a history
of violence or abuse (5.8%), history of suicide ideation, suicide attempt, or self-harm, and
family history of mental disorders.
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Figure 8: Prevalence of insomnia-related effects for the full study sample and by cluster membership

* Statistically

significant difference between clusters (P < .05)

Figure 9: History of life events for the full study sample and by cluster membership

* Statistically

significant difference between clusters (P < .05)

53

Figure 10: Use of over-the-counter sleep aid and non-FDA approved medications for insomnia for the full
study sample and by cluster membership

* Statistically

significant difference between clusters (P < .05)

Cluster 3: Insomnia associated with older age, high comorbidity burden, and fatigue
Individuals in cluster 3 comprised 24.6% of the total sample. Cluster 3 had the
largest proportion (36.9%) of individuals in the 55-64 years old age group (refer to
Table 11). Cluster 3 also had the largest proportion (21.5%) of individuals with at least
three comorbidities as defined by the CCI score (refer to Table 11). In terms of insomnia
related effects, cluster 3 had the largest proportion (55.2%) of individuals that
experienced fatigue during the baseline period (refer to Figure 8). In terms lifestyle or
behavioral characteristics, cluster 3 consisted of the largest proportion (73.5%) of
individuals categorized as ‘previously smoking’ (Figure 11). Individuals in cluster 3 also
displayed the highest prevalence (23.4%) of OSA in the study sample (Figure 12).
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Figure 11: Prevalence of behavioral characteristics for the study sample and by cluster membership

* Statistically

significant difference between clusters (P < .05)

Figure 12: Prevalence of sleep disorders for study sample and by cluster membership

* Statistically

significant difference between clusters (P < .05)

Cluster 4: Insomnia associated with substance use disorders
Cluster 4 contained the lowest number of individuals (N = 4,910) and comprised
5.2% of the total sample. Individuals in this cluster displayed highest prevalence of
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substance use disorders (Figure 13) such as tobacco use disorder (44.6%) and alcohol use
disorder (14.9%). Other notable characteristics of Cluster 4 included the largest
proportion of individuals that reported current smoking status (77.2%) (Figure 11) and
moderate pain (58.3%) (Figure 7).
Figure 13: Prevalence of substance use disorders for study sample and by cluster membership

* Statistically

significant difference between clusters (P < .05)

Cluster 5: Insomnia associated with overweight status, alcohol use, and low
comorbidity burden
Cluster 5 comprised 16.2% of the total sample. Cluster 5 contained the largest
proportion (75.9%) of individuals that had zero comorbidities as defined by the CCI score
(refer to Table 11). Cluster 5 also contained the largest proportion of individuals that
displayed overweight status (71.5%) and reported alcohol use (77.4%) (refer Figure 4
and Figure 11, respectively). Other notable features of Cluster 5 included the largest
proportion of individuals that displayed normal BP status (62.6%) and no pain (69.1%)
(refer Figure 5 and Figure 7, respectively).
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3.5. Discussion
This retrospective study utilized an integrated claims-EHR dataset comprising of
a large national sample of primarily commercially insured, working age individuals, to
characterize insomnia heterogeneity using a data driven cluster analytical approach.
We identified and characterized five clinically meaningful subtypes of insomnia based on
a comprehensive set of sociodemographic, comorbidity, behavioral, life event, family
history, medication use, vital sign, and insomnia symptom-related characteristics.
Overall, the identified subtypes differed based on several factors unexplored in prior
literature, including anthropometric measurements (e.g., BMI), risks for cardiovascular
disease (e.g., high blood pressure), and pain severity.
Cluster 1 had the largest proportion of individuals that were obese and had
hypertension. These two factors have not been explored previously in characterizing
disease heterogeneity despite evidence in prior literature documenting the adverse impact
of obesity and hypertension on insomnia. Prior literature has reported a significant
association between having a history of hypertension or obesity and the subsequent
development of insomnia. For example, a prior survey-based study representative of the
national U.S. population found that relative those without the condition, individuals with
hypertension (1.32 times) and obesity (1.15 times) displayed an increased odds of
developing insomnia.70 Another prior study based on a community-based sample reported
that relative to those without high blood pressure, individuals with the condition
displayed increased odds (1.92 times) of developing insomnia. 71 Prior evidence from a
prospective study based on a sample of individuals across four primary care practices
found that relative to those with normal weight, individuals who were obese experienced
reduced amounts of sleep (measured as TST).72
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Cluster 2 had the largest proportion of individuals with comorbid mental health
conditions (depression, anxiety, bipolar disease, PTSD) and chronic pain. Prior literature
has reported a bidirectional relationship between insomnia and mental health conditions
such as depression and anxiety, with each occurring as a cause and consequence of the
other.39 For example, individuals with depression or anxiety may have trouble falling
asleep or maintaining sleep. Conversely, relative to those without insomnia, individuals
with insomnia are 2-times and 5-times more likely to develop incident depression and
anxiety, respectively.22,23 Other mental health disorders such as PTSD and bipolar disease
have also been found to impact sleep patterns. For example, prior literature has reported
that 70-91% of individuals with PTSD have difficulty falling or staying asleep. 73
Similarly, approximately 98% of individuals with bipolar disease report a reduced need
for sleep.74
Prior literature has extensively documented the bidirectional relationship between
chronic pain and insomnia.75-78 Sleep deprivation due to insomnia can result in increased
pain sensitivity and interfere with an individual’s ability to cope with pain. Consequently,
chronic pain can result in sleep deprivation and impact its restorative benefits. Hence,
chronic pain and a lack of sleep may incur additive negative effects as individuals with
both conditions experience worse outcomes than individuals with either condition alone.
According to prior literature, individuals with chronic pain who also experience trouble
sleeping report greater pain severity, longer duration of pain, and significant impairment
in physical and psychosocial functioning compared to those with chronic pain only. 79
While prior studies have identified insomnia subtypes associated with mental
health conditions, the role of pain in characterizing insomnia heterogeneity has been
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previously unexplored. Our findings on the complex and interdependent relationship
between sleep, pain, and mental health conditions can help guide clinicians deliver
effective treatments that may provide concurrent relief for these conditions. For example,
we found that cluster 2 contained the largest proportion of individuals that experienced
stress during the baseline period. Individuals with insomnia, chronic pain, and mental
health conditions may be distressed due to its negative clinical and occupational
consequences.80 Non-pharmacological interventions including relaxation techniques may
help reduce tension and relieve stress associated with these conditions concurrently. 80
Cluster 2 also consisted of the largest proportion of individuals that had a prior family
history of mental health conditions. Prior literature has reported that individuals with a
prior family history of major depressive disorder (1.13 times) and anxiety disorder (1.20
times) had a higher risk of developing of insomnia during their lifetime compared to
those without these conditions.81
Cluster 3 represented individuals with insomnia that were the oldest and had the
highest comorbidity burden (as defined by the CCI score) in the total sample.
Additionally, cluster 3 consisted of the largest proportion of individuals that experienced
fatigue during the baseline period. Prior evidence has shown that increasing age and a
higher comorbidity burden are associated with an increased incidence of insomnia. 71,82
Fatigue has previously been documented to be the most common daytime complaint
associated with insomnia.83,84 A prior cluster analytical study amongst a sample of
individuals with chronic insomnia revealed that subtypes with severe fatigue experienced
a significant impairment in health-related quality of life.54 Overall, prior evidence
suggests that sleep duration decreases with age while fatigue increases with age. 85,86 Our
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findings regarding the relationship between fatigue, increasing age, and insomnia may
have implications for disease management for individuals with these underlying
characteristics. For example, adopting good sleep hygiene measures to manage insomnia
including minimizing the use of caffeine, stimulants, or cigarettes or avoiding heavy
meals before bedtime may be preferable compared to using pharmacological therapy that
may result in adverse effects, especially in older adults with a high comorbidity burden.87
Individuals within cluster 4 displayed the highest prevalence of substance use
disorders such as alcohol use disorder and tobacco use disorder. It is well established that
substance abuse negatively impacts sleep during phases of active use, sudden withdrawal,
or long-term abstinence.88 More importantly, the occurrence of insomnia among
individuals recovering from substance use disorders is a major risk factor for relapse. 88 A
majority of prior studies that use cluster analysis to characterize insomnia heterogeneity
have excluded individuals with substance use disorders, especially in cases where it was
suspected to be the primary cause of insomnia.10,11,51,54 One study that included substance
use disorders in the cluster analytical framework to characterize disease heterogeneity
identified an insomnia subtype associated with alcohol abuse.6 However, the clinical
interpretability and generalizability of this subtype was limited due to the small sample
size of the cluster (N = 4).6 Our findings help confirm the validity of insomnia subtype
associated with substance use disorders which may have implications for the
management of individuals with these comorbid conditions. For example, individuals
actively abusing illicit substances should be referred to cessation programs to prevent the
subsequent development of insomnia. Conversely, individuals recovering from substance
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use disorders should be independently treated for insomnia symptoms to prevent a
potential relapse.
Cluster 5 consisted of the largest proportion of individuals with a low comorbidity
burden (as defined by CCI score), no pain, and normal blood pressure status. Prior
literature has identified insomnia subtypes that display a very low medical comorbidity
burden.7 However, individuals in this cluster also displayed the highest prevalence of
overweight and alcohol use status. Alcohol use as a sleeping aid is reported by
approximately 10% percent of all individuals with a sleeping disorder.89 Further, a prior
study reported that individuals with insomnia are more likely to consume alcohol before
bed as compared to individuals without insomnia. 90 Similarly, overweight status has also
previously been documented to significantly associated with loss in sleep as measured by
TST.72 Our findings confirm results from prior studies that observed similar
characteristics related to comorbidity burden, alcohol use, and overweight status among
individuals with insomnia.
Our study had several strengths. First, utilizing a nationally representative sample
of adults the present study represents the largest cluster analysis to characterize insomnia
heterogeneity. Second, our large sample size (N = 17,124) allowed us to provide a
comprehensive characterization of insomnia heterogeneity by including a large set of
variables (N = 32) in the cluster analysis. Cluster analysis requires the study sample to
contain at least 5-10 individuals per variable. Owing to small sample size, prior studies
needed to limit the number of variables included in the cluster analysis, which may have
impacted the characterization of insomnia heterogeneity. Third, by utilizing an integrated
claims-EHR dataset, we characterized insomnia heterogeneity based on a larger set of
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factors than has been reported in prior literature. This allowed us to incorporate integral
components of clinical care in the cluster analysis that are not available in administrative
claims databases or have not been previously used to characterize insomnia heterogeneity
(e.g., pain profiles, vital signs).
Our study also had some important limitations. First, the sample consisted
primarily of commercially insured adults (70%) that were ≤ 64 years old. Hence, our
findings may not be generalizable to publicly insured or uninsured populations as well as
older adults. Second, we were unable to account for factors such as insomnia severity,
polysomnographic or sleep diary data, arousal characteristics, sleep-related dysfunctional
beliefs, inactivity, or sleep disruptive behaviors (e.g., high caffeine consumption) in the
cluster analysis. These factors have been found to impact subtype generation using
cluster analysis in prior literature. Third, due to the observational nature of the study and
inability to determine causality, we could not conclude whether insomnia was a direct
consequence of the underlying medical problems that were observed across the clusters.
Fourth, our findings may be subject to selection bias as we required all individuals in our
sample to have continuous insurance coverage for a period of 24 months for study
inclusion. This may have resulted in the exclusion of vulnerable populations that may
have intermittent insurance coverage. However, these criteria ensured that we were able
to comprehensively capture an individual’s underlying clinical characteristics over a 12month longitudinal period prior to the index date for inclusion in the cluster analytical
model. Further, applying this approach also allowed us to comprehensively characterize
HcRU and cost patterns across clusters identified in the study.
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Our results suggest several directions for future research. First, there is a need for
additional cluster analysis studies on diverse, national international samples utilizing
similar patient characteristics to confirm the reproducibility and validity of insomnia
subtypes generated in the present study. For example, a prior study was able to display
OSA subtype reproducibility and generalizability across international sleep centers
encompassing five countries.91 Second, by shedding light on mechanisms that catalyze
insomnia, our findings can guide the design of early interventions, strategies, and
consensus evaluation tools to identify at risk insomnia patients in need of assessment and
treatment. Third, subtypes identified in this study should be further investigated for
clinical significance by determining differences in developmental trajectories of sleep
related complains, comorbidities, and variability in treatment response. These findings
may have implications for insomnia management by guiding the development of
personalized, patient-centric approaches for insomnia care.
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4. Healthcare resource utilization patterns associated with insomnia heterogeneity:
A cluster analysis study
4.1. Introduction
Insomnia, the most prevalent sleep disorder among adults in the U.S., is a notable
public health concern due to its association with significant clinical and economic
consequences.1,22-25,27-29 Further, insomnia management may be complicated due to its
heterogeneous nature with regards to its underlying risk factors, presentation of
symptoms, and associated comorbidities.5 This may result in insufficient clinical care that
can have spillover effects on the healthcare system in the form of increased HcRU.
Limited understanding of heterogeneity related to disease characteristics and
associated patient needs continues to represent a significant challenge in healthcare
resource planning. Cluster analysis can help guide population health management by
segmenting individuals with heterogeneous disease profiles into homogeneous groups
with similar healthcare needs based on the interdependence between multiple patient
characteristics.92 Hence, cluster analysis can identify clinically relevant disease subtypes
that may be at subsequent increased risk of adverse economic consequences.
Prior studies have primarily quantified HcRU patterns among individuals with
insomnia relative to non-disease controls.4,30,93-95 However these studies explored HcRU
patterns for the insomnia study population as whole and did not evaluate the impact of
disease heterogeneity on utilization outcomes. Given the heterogeneous nature of
insomnia, it is possible that multiple subtypes of the disease exist that may that have
disparate patterns of HcRU. Given this gap in prior literature, the objective of the present
study to provide a comparative examination of HcRU patterns across insomnia subtype
identified using cluster analysis. We comprehensively examined all-cause HcRU across
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all points of service, including inpatient hospitalizations, ED visits, physician office
visits, non-physician outpatient encounters, and prescription drug fills (insomnia and noninsomnia related fills). Our results can help identify drivers of differing HcRU patterns
across subtypes and guide the development of targeted interventions for improving
insomnia disease management.
4.2. Methods
4.2.1. Data source
A detailed description of the data source is provided in section 3.2.1.
4.2.2. Study population
A detailed description regarding definitions, inclusion, and exclusion criteria
utilized to identify the insomnia study population is provided in section 3.2.2.
4.2.3. Cluster analysis
The steps, measures, and processes involved in identifying insomnia subtypes
using cluster analysis are described in section 3.2.3.
4.2.4. Healthcare resource utilization
All-cause HcRU was assessed during the 12-month follow-up period as inpatient
visits, ED visits, physician office visits, non-physician outpatient encounters (e.g.,
pathology, radiology, outpatient surgical services), and prescription drug fills. Inpatient
admissions were identified using the inpatient confinement file. An inpatient confinement
is defined as a stay in the hospital for a continuous period of at least 24 hours under the
care of a medical practitioner. The inpatient confinement file contains aggregate records
on each unique inpatient admission (single unduplicated row) for individuals that utilized
this service over the duration of the study period. The medical claims file contains
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information on the utilization of inpatient and outpatient services. This file was used to
identify ED visits, physician office visits, and use of non-physician outpatient visits in a
hierarchical order. Only non-inpatient claims (i.e., claims with a null value for
confinement number) were considered for assigning a utilization category to these
services. Using the non-inpatient medical claims, ED visits, and physician office visit
claims were identified using a combination of place of service (POS) values and type of
service codes (native to the dataset). For example, claims for ED visits were flagged if
they were associated with a POS code value of ‘23’ or the type of service code
corresponded to the rendering of ED services. Similarly, claims related to physician
office visits were flagged if they were associated with a POS code value of ‘11’ or the
type of service code corresponded to the rendering of services during physician office
visits. All other claims that were not related to inpatient, ED, or physician office visits
were considered as non-physician outpatient encounter claims. Finally, prescription drug
fills were identified from the pharmacy claims file that contained information on claims
submitted by pharmacies for any prescription drug filled on an outpatient basis.
Insomnia-related prescription drug fills were identified using the list of generic names
described in Table 2 under section 3.2.2.
To analyze HcRU at a visit level, claims for all the identified utilization buckets
except for inpatient visits (already summarized at a visit level) were deduplicated as per
criteria described below. Claims for ED visits were deduplicated by using the patient
identification number (ID) and service date variables. Claims for physician office visits
were deduplicated by using the patient ID, service date, and provider ID. Claims for nonphysician outpatient visits were deduplicated by using the patient ID, service date, and
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procedure code variables. Pharmacy claims were deduplicated using the patient ID,
dispensing date, and national drug code (NDC) variables. The process followed for
identifying healthcare utilization buckets is summarized in Figure 14.
Figure 14: Process for identifying healthcare utilization buckets in the dataset

4.2.5. Statistical analysis
Inpatient visits, ED visits, and insomnia prescription drug fills were analyzed as
binary (yes, no) outcomes. Physician office visits, non-physician outpatient encounters,
and non-insomnia related prescription drug fills were analyzed as count outcomes.
Outcomes related to HcRU were described based on the nature of the variable. We
reported proportions for binary outcomes and summary statistics [mean, SD] for count
outcomes. Pearson’s Chi-square test was used to compare differences in categorical
variables across clusters.
Prior to choosing the appropriate model for analyzing each HcRU outcome, it is
important to select a reference category relative to which the results will be compared. In
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general practice, a normative group against which logical or important comparisons can
be drawn is usually selected as the reference group for regression models. However, it is
not possible to choose a reference category a priori for studies based on cluster analysis
as the label for each disease subtype is unknown prior to the generation of the final
cluster solution. Prior studies that have compared HcRU across disease subtypes
generated through cluster analysis have used clinical intuition to choose a reference
subtype against which logical comparisons can be drawn. For example, a prior cluster
analysis of atrial fibrillation patients based on their symptom profiles generated a final
solution of 4 subtypes labelled as ‘Asymptomatic’, ‘Highly symptomatic’, ‘Mild or
diffused symptoms’ and ‘Shortness of breath with activity’.96 The authors chose the
‘Asymptomatic’ subtype as the reference category in order to study differences in
healthcare utilization patterns across the disease clusters. 96 For the present study we
selected cluster 5 labelled as ‘Insomnia associated with overweight status, alcohol use,
and low comorbidity burden’ as the reference group against which HcRU patterns for the
remaining clusters were compared.
For the analysis of binary (i.e., yes/no) outcomes, we reported adjusted odds ratios
(AORs) and associated 95% confidence intervals (CI) from logistic regression models.
For the analysis of count outcomes, we reported adjusted incidence rate ratios (IRRs) and
associated 95% CI from generalized linear models (GLM) with log link and negative
binomial variance functions. All models adjusted for region of residence, insurance
status, and year of diagnosis. Ratios were interpreted as evidence of increased HcRU
(value > 1.0) or decreased HcRU (value < 1.0) among individuals in clusters 1, 2, 3, and
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4 in relation to those in cluster 5. All analyses were conducted using Apache PySpark
3.1.2., and statistical significance was set at α = 0.05.
4.3. Results
A detailed description of the characteristics of the total study population and each
insomnia cluster is provided in section 3.1. and section 3.2., respectively. In summary,
the clusters were labelled as ‘Insomnia associated with obesity and hypertension’,
‘Insomnia associated with mental health conditions and chronic pain’, ‘Insomnia
associated with older age, high comorbidity burden, and fatigue’, ‘Insomnia associated
with substance use disorders’, and ‘Insomnia associated with overweight status, alcohol
use, and low comorbidity burden’. These are referred to as cluster 1, cluster 2, cluster 3,
cluster 4, and cluster 5, respectively, in the subsequent sections.
4.3.1. Healthcare resource utilization
The proportion of individuals with an inpatient visit in the total sample and by
each cluster is displayed in Figure 15. Overall, 12.4% of the total sample had at least one
inpatient visit during the 1-year follow-up period. Cluster 3 consisted of the highest
proportion of individuals with an inpatient visit (15.4%) followed by those in Cluster 2
(14.6%). Cluster 5 consisted of the lowest proportion (8.6%) of individuals with an
inpatient visit during follow-up.
The proportion of individuals with an ED visit in the total sample and by each
cluster is displayed in Figure 16. In the total sample, 29.8% of all individuals had at least
one ED visit during the follow-up period. Individuals in cluster 2 displayed the highest
prevalence (40.6%) of ED visits during the follow-up period. Conversely, individuals in
cluster 5 displayed the lowest prevalence (20.5%) of ED visits during follow-up.
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Figure 15: Prevalence of inpatient visits for the total sample and by each cluster during follow-up

* Statistically

significant difference between clusters (P < .05)

Figure 16: Prevalence of emergency department visits for the total sample and by cluster during follow-up

* Statistically

significant difference between clusters (P < .05)

Approximately 9% of the total sample filled at least one prescription for insomnia
medications during the follow-up period. Cluster 4 consisted of the largest proportion
(12.1%) of individuals that filled a prescription for insomnia medications during the
follow-up period.
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Figure 17: Prevalence of insomnia prescription drug fill dispensing for the total sample and by cluster
during follow-up

* Statistically

significant difference between clusters (P < .05)

Table 10 presents summary statistics for healthcare utilization categories for the
total sample and by each insomnia cluster. Importantly, individuals in cluster 4 displayed
the highest mean number (5.8) of physician office visits. Individuals in cluster 3
displayed the highest mean number of non-physician office visits (18.5) and noninsomnia prescription drug fills (38.2) during the follow-up period.
Table 10: Summary statistics for healthcare resource utilization categories for total sample and each cluster

Inpatient visits
Emergency
department visits
Physician office
visits
Non-physician
outpatient
encounters
Non-insomnia
prescription fills

Cluster 1
N = 4,910
Mean
SD
0.2
0.8

Cluster 2
N = 4,353
Mean
SD
0.2
0.6

Cluster 3
N = 4,205
Mean
SD
0.3
0.9

Cluster 4
N = 885
Mean
SD
0.3
0.9

Cluster 5
N = 2,771
Mean
SD
0.2
0.7

0.8

2.2

0.5

1.9

1.2

2.9

0.7

2

1

2.2

5.1

7.9

4.8

7.3

5.3

8.6

5.8

8.3

5

6.7

15.3

28.1

13

22.2

18.5

37.1

17.1

27.4

14.8

30

27.9

37.7

21.3

28.5

38.2

48.2

30.3

38.5

30.9

38
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Figure 18 displays results from the logistic regression model for inpatient visits.
Relative to those in cluster 5, individuals in cluster 2 (AOR: 1.49; 95% CI: 1.27, 1.76),
cluster 3 (AOR: 1.73; 95% CI: 1.48, 2.03), and cluster 4 (AOR: 1.38; 95% CI: 1.09, 1.74)
displayed significantly (p < 0.01) increased odds of having an inpatient visit during the
follow-up period. Relative to those in cluster 5, individuals in cluster 1 (AOR: 1.14; 95%
CI: 0.97, 1.35) did not display any significant difference in odds of having an inpatient
visit during follow-up. Appendix Table 5 displays results for the unadjusted models
regarding the relationship between inpatient visits and cluster membership.
Figure 18: Results from a logistic regression model displaying adjusted odds ratio associated with inpatient
visits across clusters (reference: cluster 5)

Figure 19 displays results from the logistic regression model for ED visits.
Relative those in cluster 5, individuals in cluster 1 (AOR: 1.26; 95% CI: 1.12, 1.46),
cluster 2 (AOR: 1.81; 95% CI: 1.61, 2.03), cluster 3 (AOR: 1.48; 95% CI: 1.31, 1.66),
and cluster 4 (AOR: 1.60; 95% CI: 1.35, 1.90) displayed significantly (p < 0.01)
increased odds of having an ED visit during the follow-up period. Appendix Table 6
displays results for the unadjusted models regarding the relationship between ED visits
and cluster membership.
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Figure 19: Results from a logistic regression model displaying adjusted odds ratio associated with
emergency visits across clusters (reference: cluster 5)

Figure 20 displays results from logistic regression for insomnia prescription drug
fills. Relative those in cluster 5, individuals in cluster 2 (AOR: 0.76; 95% CI: 0.63, 0.90)
displayed significantly (p < 0.01) decreased odds of filling an insomnia drug prescription
during the follow-up period. Relative to those in cluster 5, individuals in cluster 1 (AOR:
0.76; 95% CI: 0.80, 1.12), cluster 3 (AOR: 0.84; 95% CI: 0.71, 1.00), and cluster 4
(AOR: 1.19; 95% CI: 0.93, 1.53) did not display significantly different odds for insomnia
prescription fills during the follow-up period. Appendix Table 7 displays results for the
unadjusted models regarding the relationship between insomnia prescription fills and
cluster membership.
Figure 20: Results from a logistic regression model displaying adjusted odds ratio associated with
insomnia prescription drug fills across clusters (reference: cluster 5)
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Figure 21 displays results from the negative binomial regression model for
physician office visits. Rates for physician office visits were significantly (p < 0.05)
higher for individuals in cluster 1 (IRR: 1.11; 95% CI: 1.01, 1.21), cluster 2 (IRR: 1.33;
95% CI: 1.21, 1.46), cluster 3 (IRR: 1.25; 95% CI: 1.14, 1.36), and cluster 4 (IRR: 1.19;
95% CI: 1.03, 1.37) as compared to those in cluster 5 during the follow-up period.
Appendix Table 8 displays results for the unadjusted models regarding the relationship
between physician office visits and cluster membership.
Figure 21: Results from a count regression model displaying incidence rate ratios associated with
physician office visits across clusters (reference: cluster 5)

Figure 22 displays results from the negative binomial regression model for nonphysician outpatient visits. Rates for non-physician visits outpatient visits were
significantly (p < 0.01) higher for individuals in cluster 1 (IRR: 1.11; 95% CI: 1.03,
1.19), cluster 2 (IRR: 1.21; 95% CI: 1.12, 1.30), and cluster 3 (IRR: 1.35; 95% CI: 1.26,
1.45) as compared to those in cluster 5 during the follow-up period. No significant
differences in rates for non-physician outpatient visits were observed for individuals in
cluster 4 as compared to those in cluster 5. Appendix Table 9 displays results for the
unadjusted models regarding the relationship between non-physician outpatient visits and
cluster membership.
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Figure 22: Results from a count regression model displaying incidence rate ratios associated with nonphysician outpatient encounters across clusters (reference: cluster 5)

Figure 23 displays results from the negative binomial regression model for noninsomnia prescription drug fills. Rates for prescription drug fills were significantly (p <
0.01) higher for individuals in cluster 1 (IRR: 1.16; 95% CI: 1.08, 1.24), cluster 2 (IRR:
1.45; 95% CI: 1.34, 1.57), cluster 3 (IRR: 1.50; 95% CI: 1.39, 1.61), and cluster 4 (IRR:
1.21; 95% CI: 1.08, 1.37) as compared to those in cluster 5 during the follow-up period.
Appendix Table 10 displays results for the unadjusted models regarding the relationship
between non-insomnia prescription drug fills and cluster membership.
Figure 23: Results from a count regression model displaying incidence rate ratios associated with noninsomnia prescription drug fills across clusters (reference: cluster 5)
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4.4. Discussion
In this working age population of primarily commercially insured adults, we used
a cluster analytical approach to identify clinically relevant subtypes and studied the
association between cluster membership and HcRU outcomes. We identified five
insomnia clusters based on heterogeneity in underlying sociodemographic, comorbidity,
behavioral, life event, family history, medication use, vital sign, and insomnia symptomrelated characteristics. The strength and direction of the association between cluster
membership and HcRU outcomes differed across the categories examined. Relative those
in cluster 5 (overweight, alcohol use, and low comorbidity burden), individuals in cluster
3 (older age, high comorbidity burden, fatigue) displayed the strongest positive
association (in terms of effect size) with inpatient visits, physician office visits, and noninsomnia drug fills. Relative to those in cluster 5, individuals in cluster 2 (mental health
and severe pain) displayed the strongest positive association with ED visits during
follow-up. Interestingly, there was no significant association between cluster membership
and insomnia prescription drug fills during the follow-up period. To our knowledge, this
is the first study to examine the relationship between insomnia heterogeneity and HcRU
outcomes.
Relative to those in cluster 5 (overweight, alcohol use, and low comorbidity
burden), individuals in cluster 3 (older age, high comorbidity burden, fatigue) displayed
increased odds (1.73 times) for inpatient visits. This finding can be attributable to the
high comorbidity burden (as defined by the CCI score) in this cluster as compared to
cluster 5 and the remaining sample. Further, individuals in cluster 3 were older as
compared to those in cluster 5 (age group 56-64: 36.9% vs 30.4%). Both, increasing
comorbidity burden and age have been previously found in the literature to be associated
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with an increased risk for hospitalizations.97 Similarly, relative to those in cluster 5,
individuals in cluster 3 displayed higher rates of non-physician outpatient visits and noninsomnia prescription drug use that may reflect their readiness to seek help for high
comorbidity burden associated with increasing age.
Relative to those in cluster 5 (overweight, alcohol use, and low comorbidity
burden), individuals in cluster 1, cluster 2, cluster 3, and cluster 4 showed significantly
higher odds for ED visits during the follow-up period. Relative to those in cluster 5,
individuals in cluster 2 (mental health and chronic pain) displayed increased odds (1.81
times) for ED visits. Relative to those in cluster 5, individuals in cluster 4 (substance use
disorders) also displayed increased (1.6 times) odds for ED visits. These findings can be
ascribed to the high prevalence of mental health conditions (e.g., 79% had depression)
and chronicity of pain (e.g., 69% reported severe pain) among individuals in cluster 5 and
high prevalence of substance use disorders among individuals in cluster 4 (e.g., 45% had
tobacco use disorder). A prior study based on a nationally representative U.S. sample
found that one in three ED visits were associated with a mental health or substance use
disorder diagnosis.98 Similarly, a report from the CDC cited pain as one of the most
common reasons for ED visits in the U.S. The CDC report identified chronic pain
conditions such as headache and back pain to be the 5 th and 6th most common reasons for
ED visits.99
We found that only 9% of the sample had a prescription drug fill for insomnia
medication during the follow-up period. Despite the negative consequences associated
with insomnia and availability of effective pharmacological interventions, prior literature
has reported that only a small proportion of individuals with insomnia seek or receive
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treatment for the condition.94,100,101 For example, a prior study based on insomnia
participants from a single province in Canada found that only 11% of the study sample
utilized prescription insomnia medications.101 A scarcity of trained providers for
insomnia management as well reimbursement issues associated with clinical services for
insomnia can be a potential barrier for treatment.102 Additionally, considering insomnia
as merely a symptom of a primary disease or labelling it as secondary may result in its
undertreatment.103 This may potentially explain the results from cluster 2 which consisted
of the smallest proportion (8%) of individuals who were dispensed insomnia medications.
Individuals in cluster 2 had the highest prevalence of mental health conditions and severe
pain. These conditions may have been the primary targets of pharmacological
interventions and hence led to the undertreatment of insomnia. No significant association
was found between cluster membership and dispensing of insomnia medication during
the follow-up period. Due to the low prevalence of insomnia drug dispensing during
follow-up period, the study may not be powered to make robust statistical inferences with
regards to this outcome.
Our study has several strengths. First, to our best knowledge, the present study
represents the first effort to quantify the relationship between insomnia heterogeneity and
HcRU outcomes. We quantified the association of insomnia heterogeneity and HcRU
outcomes using data from a large nationally representative population over a longitudinal
period of eight years. Second, in addition to the generalizability of the sample, we
captured a comprehensive set of all-cause and insomnia specific HcRU outcomes
including inpatient, ED, physician office, and non-physician outpatient visits, as well as
insomnia and non-insomnia specific prescription drug fills. Third, our findings can be
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used to help guide the implementation of appropriate targeted patient- and system- level
interventions towards at risk insomnia subgroups who are at an increased risk of
experiencing adverse HcRU outcomes.
Despite these strengths, this study has certain limitations. First, our results may
not be generalizable to publicly insured or uninsured individuals given that a large
proportion (70%) of our sample was primarily commercially insured. Second, we were
unable to account for factors such as insomnia severity that have been previously shown
to have an impact on HcRU patterns in this population.
Our findings suggest several directions for future research. First, future research
should quantify the association between insomnia heterogeneity and HcRU outcomes in
publicly insured or uninsured populations. Second, future research should determine
whether targeted interventions on individuals with cluster profiles described in this study
can help mitigate adverse utilization outcomes and prevent potentially avoidable burden
on the healthcare system. Third, future research should evaluate the impact of insomnia
heterogeneity on HRQoL outcomes which can further guide payers and policymakers
make decisions related to the allocation of healthcare resources. Fourth, our findings
related to the low prevalence of insomnia medication dispensing as well as no significant
association between disease heterogeneity and insomnia specific drug fills during followup warrant further research on identifying potential barriers that prevent access to
preventive treatment in this population.
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5. Direct medical cost associated with insomnia heterogeneity: A cluster analysis
study
5.1. Introduction
Insomnia, the most prevalent sleep disorder among adults in the U.S. is a
significant public health concern given its substantial economic burden on the healthcare
system. According to prior literature, insomnia is associated with significant direct and
indirect costs that are mainly driven by increased HcRU, medication expenditures, low
work productivity, and a higher risk for accidents. 26 Depending upon the use of different
operational definitions and data sources, direct medical costs attributable to insomnia in
the U.S. have been previously estimated to range between $2-$25 billion, annually.27-29
Prior literature has reported direct medical costs for individuals with insomnia
relative to non-disease controls. For example, a prior study based on a managed care
population found that relative to matched non-disease controls, individuals with insomnia
displayed 26% higher direct medical costs due to increased use of inpatient, ED,
provider, and treatment services.30 Another study based on a Medicare population found
that relative to non-disease controls, individuals with insomnia displayed higher ($
63,607) direct medical costs that were primarily driven by inpatient admissions. 4 Given
the heterogeneous nature of the disease, it is unclear whether this economic burden is
distributed evenly amongst this population.
Insomnia is a heterogeneous disorder.5 Individuals with insomnia may differ on
underlying risk factors, clinical presentation of symptoms, and associated comorbidities.5
Given its heterogeneous nature, it is also possible that certain subtypes of insomnia may
carry a disproportionate economic burden related to the disease. For example, a prior
study based on linked medical and pharmacy claims and survey data used a cluster
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analytical approach to identify four insomnia subtypes that differed on clinical symptoms
and comorbidities.53 The study found that the insomnia subtype labelled ‘Comorbid
insomnia with NRS’ generated the highest one-year direct medical cost ($ 1,408).
Conversely, the subtype labelled ‘Comorbid insomnia with NRS’ generated the lowest
one-year direct medical cost ($ 639). However, the findings have limited generalizability
as the study focused on a sample from the Midwest geographic region in the U.S. that
was enrolled in a single health insurance plan.
Overall, preliminary evidence from prior literature suggests that following a
population average approach may not be suitable to quantifying the economic burden of
insomnia.53 Accounting for disease heterogeneity in calculating the economic burden of
the disease can guide healthcare planners and policymakers rank the prioritization of
public health services for this population. The present study examined and compared
patterns of direct medical costs across insomnia subtypes identified using a cluster
analytical framework. We examined all-cause direct medical costs for inpatient
hospitalizations, ED visits, physician office visits, non-physician outpatient encounters,
and prescription drug fills. Our findings can help improve the ability for payers and
policymakers to identify subtypes at the highest risk for adverse economic consequences,
develop suitable interventions, and deliver personalized care.
5.2. Methods
5.2.1 Data source
A detailed description of the data source is provided in section 3.2.1.

5.2.2. Study population
A detailed description regarding definitions, inclusion, and exclusion criteria
utilized to identify the insomnia study population is provided in section 3.2.2.
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5.2.3. Cluster analysis
The steps, measures, and processes involved in identifying insomnia subtypes
using cluster analysis are described in section 3.2.3.
5.2.4. Direct medical costs
Total all-cause direct medical costs were calculated during the one-year follow-up
period. This included component costs for inpatient visits, ED visits, physician office
visits, and non-physician outpatient encounters. The pharmacy costs were calculated for
all medications for which claims were filled. The total healthcare costs were calculated as
the sum of all medical and pharmacy costs. All costs represented the total amount paid by
the health plan to providers for all services that are rendered to the beneficiary. We
inflated all costs to 2019 U.S. dollars using the medical care component of the Consumer
Price Index produced by the Unites States Bureau of Labor Statistics. 104
5.2.5. Statistical analysis
We reported summary statistics [mean, SD] for all cost outcomes. Additionally,
we reported cost ratios (CRs) and associated 95% CI from GLM with log link and
gamma functions for all cost outcomes. For the present study we selected cluster 5
labelled as ‘Insomnia associated with overweight status, alcohol use, and low
comorbidity burden’ as the reference group against which cost patterns for the remaining
clusters were compared. All models adjusted for region of residence, insurance status,
and year of diagnosis. Ratios were interpreted as evidence of increased cost (value > 1.0)
or decreased cost (value < 1.0) among individuals in clusters 1, 2, 3, and 4 in relation to
those in cluster 5. All analyses were conducted using Apache PySpark 3.1.2., and
statistical significance was set at α = 0.05.
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5.3. Results
A detailed description of the characteristics of the total study population and each
insomnia cluster is provided in section 3.1. and section 3.2., respectively. Overall, the
clusters identified in the study were labeled as ‘Insomnia associated with obesity and
hypertension’, ‘Insomnia associated with mental health conditions and chronic pain’,
‘Insomnia associated with older age, high comorbidity burden, and fatigue’, ‘Insomnia
associated with substance use disorders’, and ‘Insomnia associated with overweight
status, alcohol use, and low comorbidity burden’. In the following sections, these are
referred to as cluster 1, cluster 2, cluster 3, cluster 4, and cluster 5, respectively.
5.3.1. Direct medical costs
Figure 24 illustrates total mean 1-year direct medical which are further broken
down by each HcRU category for the total study sample and each cluster. Table 11
describes summary statistics (mean, SD) for 1-year direct medical costs by each HcRU
category for the total sample and each cluster. Overall, individuals with insomnia that
represented the total sample displayed a mean total healthcare cost of $ 10,877 during the
1-year follow-up period. These costs were primarily driven by non-physician outpatient
encounters ($ 10,877), prescription drug fills ($ 2,644), and inpatient visits ($ 2,521).
Individuals in cluster 2 had the highest costs ($ 785) for ED visits while those in cluster 4
displayed the highest costs ($ 4,292) for prescription drug fills during the follow-up
period.
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Figure 24: Mean costs by healthcare utilization category during follow-up for study sample and each
cluster

Table 11: Summary statistics for direct medical costs by healthcare utilization categories for total sample
and each cluster

Total costs
Inpatient
visits
Emergency
department
visits
Physician
office visits
Nonphysician
outpatient
encounters
Prescription
drug fills

Cluster 1
N = 4,910
Mean
SD
10877 41448

Cluster 2
N = 4,353
Mean
SD
11312 39959

Cluster 3
N = 4,205
Mean
SD
16274 58485

Cluster 4
N = 885
Mean
SD
10987 37868

Cluster 5
N = 2,771
Mean
SD
9548 34998

2521

16541

2426

15895

4520

41853

2536

13216

1765

13208

465

2462

785

4078

738

4244

556

2067

303

1635

308

699

279

683

389

754

264

537

260

627

4937

27071

4137

27257

6487

28537

3337

12081

4491

22697

2644

11360

3683

12436

4138

58485

4292

30916

2727

12201

Figure 25 displays cost ratios from the GLM for inpatient visits. Relative to those
in cluster 5, individuals in cluster 1 (CR: 1.33; 95% CI: 1.17, 1.50), cluster 2 (CR: 1.24;
95% CI: 1.08, 1.41), cluster 3 (CR: 1.68; 95% CI: 1.48, 1.91), and cluster 4 (AOR: 1.45;
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95% CI: 1.19, 1.78) displayed significantly (p < 0.01) higher costs for inpatient visits
during the follow-up period.
Figure 25: Results from a generalized linear model of inpatient visits displaying adjusted cost ratios
associated with each cluster (reference: cluster 5)

Figure 26 displays cost ratios from the GLM for ED visits. Relative to those in
cluster 5, individuals in cluster 1 (CR: 1.40; 95% CI: 1.26, 1.56), cluster 2 (CR: 2.19;
95% CI: 1.95, 2.44), cluster 3 (CR: 1.70; 95% CI: 1.52, 1.90), and cluster 4 (AOR: 1.41;
95% CI: 1.19, 1.68) displayed significantly (p < 0.01) higher costs for ED visits during
the follow-up period.
Figure 26: Results from a generalized linear model of emergency department visits displaying adjusted
cost ratios associated with each cluster (reference: cluster 5)

Figure 27 displays cost ratios from the generalized linear model for physician
office visits. Relative to those in cluster 5, individuals in cluster 1 (CR: 1.10; 95% CI:
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1.02, 1.18), cluster 2 (CR: 1.24; 95% CI: 1.15, 1.35), and cluster 3 (CR: 1.27; 95% CI:
1.18, 1.36) displayed significantly (p < 0.01) higher costs for ED visits during the followup period. Relative to those in cluster 5, individuals in cluster 4 did not show any
significant difference in costs related to physician office visits (CR: 0.94; 95% CI: 0.83,
1.05).
Figure 27: Results from a generalized linear model of physician office visits displaying adjusted associated
cost ratios with each cluster (reference: cluster 5)

Figure 28 displays cost ratios from the GLM for non-physician outpatient
encounters. Relative to those in cluster 5, individuals in cluster 1 (CR: 1.19; 95% CI:
1.07, 1.33) and cluster 3 (CR: 1.19; 95% CI: 1.07, 1.33) displayed significantly (p < 0.01)
higher costs for non-physician outpatient encounters during the follow-up period.
Relative to those in cluster 5, individuals in cluster 4 displayed lower costs (CR: 0.73;
95% CI: 0.62, 0.88) for non-physician outpatient encounters during the follow-up period.
Relative to those in cluster 5, individuals in cluster 2 did not show any significant
difference in costs related to non-physician outpatient encounters (CR: 0.93; 95% CI:
0.82, 1.05).
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Figure 28: Results from a generalized linear model of non-physician outpatient encounters displaying
adjusted cost ratios associated with each cluster (reference: cluster 5)

Figure 29 displays cost ratios from the generalized linear model for prescription
drug fills. Relative to those in cluster 5, individuals in cluster 2 (CR: 1.14; 95% CI: 1.03,
1.28), cluster 3 (CR: 1.49; 95% CI: 1.34, 1.65), and cluster 4 (CR: 1.25; 95% CI: 1.06,
1.48) displayed significantly (p < 0.01) higher costs for prescription drug fills during the
follow-up period. Relative to those in cluster 5, individuals in cluster 1 did not show any
significant difference in costs related to prescription drug fills (CR: 1.02; 95% CI: 0.92,
1.13).
Figure 29: Results from a generalized linear model of prescription drug fills displaying adjusted cost ratios
associated with each cluster (reference: cluster 5)
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Figure 30 displays cost ratios from the generalized linear model for total
healthcare costs. Relative to those in cluster 5, individuals in cluster 2 (CR: 1.15; 95% CI:
1.03, 1.28), cluster 3 (CR: 1.46; 95% CI: 1.32, 1.62), and cluster 4 (CR: 1.23; 95% CI:
1.04, 1.46) displayed significantly (p < 0.05) higher total healthcare costs during the
follow-up period. Relative to those in cluster 5, individuals in cluster 1 did not show any
significant difference in total healthcare costs (CR: 1.10; 95% CI: 0.99, 1.22).
Figure 30: Results from a generalized linear model displaying adjusted cost ratio associated with total
healthcare costs across clusters (reference: cluster 5)

5.4. Discussion
In the present study based on a population of working age adults who were
primarily commercially insured, we used a cluster analytical approach to identify five
clinically relevant insomnia subtypes based on a variety of patient related characteristics.
We also studied the relationship between cluster membership and economic outcomes
including direct medical costs related to inpatient visits, ED visits, physician office visits,
non-physician outpatient encounters, and prescription drug fills. We found that the
strength and relationship between cluster membership and cost outcomes differed across
the HcRU categories measured in the study.
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Relative to those in cluster 5 (overweight, alcohol use, and low comorbidity
burden), individuals in cluster 3 (older age, high comorbidity burden, and fatigue)
displayed higher total direct medical, inpatient, ED, physician office, non-physician
outpatient encounter, and prescription drug fill costs. This finding can be explained by
the higher comorbidity burden (as defined by the CCI score) in this cluster as compared
to cluster 5. Additionally, individuals in cluster 3 were older as compared to those in
cluster 5 (age group 56-64: 36.9% vs 30.4%). Prior literature has reported that increasing
age is associated with an increase in healthcare expenditures.105 Prior research has also
documented that a high comorbidity burden can lead to detrimental health outcomes,
extend recovery times, and increase the economic burden on the healthcare system. 106
Relative to those in cluster 5 (overweight, alcohol use, and low comorbidity
burden), individuals in cluster 2 (mental health and chronic pain) and cluster 4 (substance
use disorders) displayed higher ED related costs. These findings may be ascribed to high
ED related costs due to mental health conditions and substance use disorders. For
example, a prior study based on the Healthcare Cost and Utilization Project data found
that on an average, ED related costs due to mental health conditions and substance use
disorders were 19% higher as compared to all other ED visits. 107 Further, costs associated
with a mental health disorder or substance use disorder related ED visit that resulted in an
inpatient visit were higher compared to other ED visits that resulted in an inpatient
visit.107 This may also explain the higher inpatient costs associated with individuals in
cluster 2 and cluster 4 as compared to those in cluster 5.
The present study possesses certain strengths. First, the present investigation
represents the largest study to evaluate the impact of insomnia heterogeneity on economic
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outcomes. Findings from a prior study with a similar objective have limited
generalizability due to its focus on a sample from the Midwest geographic region in the
U.S. that was enrolled in a single health insurance plan. 53 Second, we examined a broad
range of expenditures from the payer perspective including those for inpatients visits, ED
visits, physician office visits, non-physician outpatient encounters, and prescription drug
fills. Third, our findings can guide healthcare planners and policymakers design suitable
interventions for targeted delivery towards at subgroups of the disease at an increased
risk for adverse economic consequences.
The present study had certain limitations. First, we were unable to measure
insomnia related indirect costs due to lost workplace productivity associated with days
missed at work (absenteeism) or poor performance at work (presenteeism). 3,17 Indirect
costs due to work absences and reduced productivity have been estimated to represent
76% of the economic burden attributable to insomnia. 17 Hence, though we were able to
estimate the economic burden of insomnia from a payer perspective, we were unable to
quantify its burden from a societal perspective in the present study. Second, we were
unable to determine costs related to workplace or motor vehicle accidents due to
insomnia. Insomnia has been previously documented to be associated with an increased
risk of workplace and motor vehicle accidents in prior literature. 32,33 Third, though we
were able to capture patient reported insomnia-related OTC medication use (e.g.,
melatonin), we were unable to determine the costs associated with their use. Overall,
future research should focus on conducting studies that incorporate additional economic
perspectives such as those of the patient, employer, or society and which include indirect
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cost measures to provide a comprehensive understanding of the insomnia-related cost
burden on the healthcare system.
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6. Overall conclusion, implications, and future directions
The present study had two primary objectives. First, we used a cluster analytical
framework to characterize insomnia heterogeneity through the identification of clinically
relevant clusters based on a variety of patient-related characteristics. Second, we
quantified the impact of insomnia heterogeneity on economic outcomes by comparing
HcRU patterns and direct medical costs across the identified clusters.
Overall, we identified five clinically relevant clusters that differed on
anthropometric measurements such as BMI, risk factors for cardiovascular disease such
as high blood pressure, and severity of pain. These factors have been previously
unexplored in prior studies that have attempted to characterize insomnia heterogeneity
using cluster analytical approaches. The five clusters were labelled as ‘Insomnia
associated with obesity and hypertension’, ‘Insomnia associated with mental health
conditions and chronic pain’, ‘Insomnia associated with older age, high comorbidity
burden, and fatigue’, ‘Insomnia associated with substance use disorders’, and ‘Insomnia
associated with overweight status, alcohol use, and low comorbidity burden’.
We observed variations in HcRU and direct medical costs across the clusters
identified in the study. Compared to those in cluster 5 (overweight, alcohol use, and low
comorbidity burden), individuals in cluster 3 (older age, high comorbidity burden,
fatigue) displayed the highest odds (in terms of effect size) for having an inpatient visit
during follow-up. Compared to those in cluster 5, individuals in cluster 3 also displayed
the highest rates (in terms of effect size) for physician office visits and non-insomnia
prescription drug fills. Individuals in cluster 2 (mental health and severe pain) displayed
the highest odds (in terms of effect size) of having an ED visit during follow-up as
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compared to those in cluster 5. Individuals in cluster 4 (substance use disorders)
displayed higher direct medical costs compared to those in cluster 5 for all HcRU
categories except non-physician outpatient encounters. No significant association was
observed between cluster membership and the odds of filling insomnia-related
prescriptions during follow-up. Individuals in cluster 3 (older age, high comorbidity
burden, fatigue) displayed the highest direct medical costs across all clusters which were
primarily driven by inpatient visits and non-physician outpatient service use. To our
knowledge, this is the first study to examine the relationship between insomnia
heterogeneity and economic outcomes.
Our findings have implications for several stakeholders involved in insomnia
management and care delivery including patients, providers, payers, and healthcare
decision makers. First, the novel clusters identified in this study can help improve our
knowledge and understanding about the heterogeneity associated with the clinical
presentation of insomnia. For example, our study found that individuals with insomnia
differ on underlying clinical characteristics such as BMI, BP, and severity of pain. These
factors have not been explored in prior studies that have utilized cluster analytical
techniques to explore insomnia heterogeneity. This information can help facilitate early
identification of insomnia and encourage patients to seek timely care for disease related
complications.
Second, the identification of clinically meaningful and distinct profiles of
insomnia can help lay the foundation for the development of personalized therapies for
disease management. For example, a cluster identified in the present study represented
individuals with insomnia that had comorbid pain and mental conditions. Both, pain and
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mental health conditions such as depression have been documented to share a
bidirectional relationship with insomnia.39,76,77 Hence, providers should be encouraged to
check for the remaining two conditions when evaluating any one condition in this triad.
Further, the symptoms or underlying pathways associated with the conditions in this triad
may be functionally related.108 Hence, targeting any one condition with treatment may
result in beneficial outcomes for the remaining conditions in the triad. 108 For example,
prior literature has demonstrated that CBTi results in an improvement in insomnia, pain,
and depression related outcomes among individuals with these comorbid conditions. 109,110
Third, our findings can guide clinicians and healthcare decision makers focus
their efforts on introducing preventive interventions and prioritizing care strategies for
high-cost patients to mitigate an increased economic burden on the healthcare system.
For example, one of the clusters identified in this study represented individuals with
insomnia that displayed the highest prevalence of substance use disorders in the study
sample. It is well established that individuals with an active or prior history of substance
use disorders may be at increased risk of developing comorbid insomnia. 80 To prevent
this from occurring, providers may screen individuals for substance use disorders during
routine clinical care and subsequently refer patients to cessation programs. The early
management of substance use disorders through such efforts may help prevent the future
development of insomnia and in turn reduce insomnia-related burden on the healthcare
system.
Our findings also suggest several directions for future research. First, given that
the objective of precision medicine research is to identify or improve treatment targeting
approaches, it is important to explore differences in treatment effectiveness across
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clusters identified in this study in terms of improvement in specific clinical outcomes. For
example, a prior study segmented individuals into five clusters based on their
endorsement of sleep-related beliefs as captured by the DBAS-16 scale.51 Individuals
across the five clusters differed in their concerns regarding the biological nature of sleep,
its negative consequences, and effects of treatment. Individuals across all clusters, except
those in the ‘Worried and medication-biased’ cluster displayed a positive response to
treatment with CBTi measured by a change in the Insomnia Symptom Questionnaire
score. Overall, this finding can help maximize treatment efficacy and guide the rational
allocation of resources towards at risk subgroups who do not respond to a specific
treatment modality.
Second, future research should focus on integrating information on patient
similarity metrics into decision support systems. This can help accelerate uptake of
evidence obtained from data-driven approaches such as cluster analysis and aid the
development of personalized models for predicting future insomnia outcomes. This can in
turn help healthcare planners design interventions that can mitigate adverse economic
consequences on the healthcare system. For example, a prior study based on intensive
care unit data from a single hospital used similarity measures to segment patients with
common underlying characteristics into distinct subgroups.111 Models for predicting 30day all-cause mortality were built for both subgroups identified based on similarity
measures as well as for the total study sample. The results found that compared to the
total study sample, models for individual subgroups displayed a better predictive
performance as measured by the area under the receiver operating characteristic curve.
Hence, personalized predictive models may offer a suitable avenue to drive healthcare
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decision making as compared to those that provide an average best choice solution to
predicting future outcomes.
Third, future studies should consider biomarker information for characterizing
insomnia heterogeneity using cluster analytical approaches. For example, insomnia has
been documented to display moderate heritability that suggests that it may be possible to
identify predisposing factors related to the disease using genetic studies. 5 This
information can provide additional details surrounding the underlying mechanisms
associated with the disease and lay the foundation for the development of future
personalized therapies that targets these pathways.
Fourth, future research should employ techniques that engage patients in reporting
insomnia specific data that can help identify the disease in its nascent stages and in turn
encourage patients to be involved in their own care. Further, patient-reported data can
complement physician-reported data to enrich cluster analytical approaches to
comprehensively characterize insomnia heterogeneity. For example, wearable devices
such as a Fitbit® can help provide vital information regarding an individual’s sleep
pattern. The device provides information on parameters such as the amount of time a
person spends in bed as well as an individual’s TST and WASO. 56 The sensitivity (96%)
of the Fitbit® device with regards to recording sleep parameters has been validated in
prior literature with certain elements such as WASO being comparable to those from a
polysomnography.112
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7. Appendix
Appendix Table 1: Diagnostic and procedural codes used to define conditions or services included in the
cluster analysis
Condition

Code type
ICD-9

Code
category
Diagnosis

ICD-10

Diagnosis

ICD-9

Diagnosis

ICD-10

Diagnosis

ICD-9

Diagnosis

ICD-10

Diagnosis

ICD-10

Diagnosis

ICD-9
ICD-10
ICD-10

Diagnosis
Diagnosis
Diagnosis

Depression

Anxiety

Bipolar disorder

Post-Traumatic
stress disorder

Code
296.20, 296.21, 296.22, 296.23, 296.24, 296.25,
296.26, 296.30, 296.31, 296.32, 296.33, 296.34,
296.35, 296.36, 296.51, 296.52, 296.53, 296.54,
296.55, 296.56, 296.60, 296.61, 296.62, 296.63,
296.64, 296.65, 296.66, 296.89, 298.0, 300.4, 309.1,
311
F31.30, F31.31, F31.32, F31.4, F31.5, F31.60,
F31.61, F31.62, F31.63, F31.64, F31.75, F31.76,
F31.77, F31.78, F31.81, F32.0, F32.1, F32.2, F32.3,
F32.4, F32.5, F32.9, F33.0, F33.1, F33.2, F33.3,
F33.40, F33.41, F33.42, F33.8, F33.9, F34.1,
F43.21, F43.23
293.84, 300.00, 300.01, 300.02, 300.09, 300.10,
300.20, 300.21, 300.22, 300.23, 300.29, 300.3,
300.5, 300.89, 300.9, 308.0, 308.1, 308.2, 308.3,
308.4, 308.9, 309.81, 313.0, 313.1, 313.21, 313.22,
313.3, 313.82, 313.83
F06.4, F40.00, F40.01, F40.02, F40.10, F40.11,
F40.210, F40.218, F40.220, F40.228, F40.230,
F40.231, F40.232, F40.233, F40.240, F40.241,
F40.242, F40.243, F40.248, F40.290, F40.291,
F40.298, F40.8, F40.9, F41.0, F41.1, F41.3, F41.8,
F41.9, F42, F42.2, F42.3, F42.4, F42.8, F42.9,
F43.0, F43.10, F43.11, F43.12, F44.9, F45.8, F48.8,
F48.9, F93.8, F99, R45.2, R45.5, R45.6, R45.7
296.00, 296.01, 296.02, 296.03, 296.04, 296.05,
296.06, 296.10, 296.11, 296.12, 296.13, 296.14,
296.15, 296.16, 296.40, 296.41, 296.42, 296.43,
296.44, 296.45, 296.46, 296.50, 296.51, 296.52,
296.53, 296.54, 296.55, 296.56, 296.60, 296.61,
296.62, 296.63, 296.64, 296.65, 296.66, 296.7,
296.80, 296.81, 296.82, 296.89, 296.90, 296.99
F30.10, F30.11, F30.12, F30.13, F30.2, F30.3,
F30.4, F30.8, F30.9, F31.0, F31.10, F31.11, F31.12,
F31.13, F31.2, F31.30, F31.31, F31.32, F31.4,
F31.5, F31.60, F31.61, F31.62, F31.63, F31.64,
F31.70, F31.71, F31.72, F31.73, F31.74, F31.75,
F31.76, F31.77, F31.78, F31.81, F31.89, F31.9,
F33.8, F34.81, F34.89, F34.9, F39
F20.0, F20.1, F20.2, F20.3, F20.5, F20.81, F20.89,
F20.9, F25.0, F25.1, F25.8, F25.9
309.81
F43.10, F43.11, F43.12
F21, F34.0, F34.1, F60.0, F60.1, F60.2, F60.3,
F60.4, F60.5, F60.6, F60.7, F60.81, F60.89, F60.9,
F68.10, F68.11, F68.12, F68.13, F69
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Appendix Table 1: Continued
Condition

Code type
ICD-9

Code
category
Diagnosis

ICD-9
ICD-10

Procedure
Diagnosis

ICD-10

Procedure

ICD-9

Diagnosis

ICD-10

Diagnosis

HCPCS
ICD-9

Procedure
Diagnosis

Alcohol use
disorder

Tobacco use
disorder

Drug use disorder

Code
291.0, 291.1, 291.2, 291.3, 291.4, 291.5, 291.8,
291.81, 291.82, 291.89, 291.9, 303.00, 303.01,
303.02, 303.90, 303.91, 303.92, 305.00, 305.01,
305.02, 357.5, 425.5, 535.30, 535.31, 571.0, 571.1,
571.2, 571.3, 760.71, 980.0, V65.42, V79.1, E860.0
94.6, 94.61, 94.62, 94.63, 94.67, 94.68, 94.69
F10.10, F10.120, F10.121, F10.129, F10.130,
F10.131, F10.132, F10.139, F10.14, F10.150,
F10.151, F10.159, F10.180, F10.181, F10.182,
F10.188, F10.19, F10.20, F10.220, F10.221,
F10.229, F10.230, F10.231, F10.232, F10.239,
F10.24, F10.250, F10.251, F10.259, F10.26, F10.27,
F10.280, F10.281, F10.282, F10.288, F10.29,
F10.920, F10.921, F10.929, F10.930, F10.931,
F10.932, F10.939, F10.94, F10.950, F10.951,
F10.959, F10.96, F10.97, F10.980, F10.981,
F10.982, F10.988, F10.99, G62.1, I42.6, K29.20,
K29.21, K70.0, K70.10, K70.11, K70.2, K70.30,
K70.31, K70.40, K70.41, K70.9, P04.3, Q86.0,
T51.0X1A, T51.0X2A, T51.0X3A, T51.0X4A,
Z71.41, Z71.42
HZ2ZZZZ, HZ30ZZZ, HZ31ZZZ, HZ32ZZZ,
HZ33ZZZ, HZ34ZZZ, HZ35ZZZ, HZ36ZZZ,
HZ37ZZZ, HZ38ZZZ, HZ39ZZZ, HZ3BZZZ,
HZ40ZZZ, HZ93ZZZ, HZ96ZZZ
305.1, 649.00, 649.01, 649.02, 649.03, 649.04,
989.84
F17.200, F17.201, F17.203, F17.208, F17.209,
F17.210, F17.211, F17.213, F17.218, F17.219,
F17.220, F17.221, F17.223, F17.228, F17.229,
F17.290, F17.291, F17.293, F17.298, F17.299,
O99.330, O99.331, O99.332, O99.333, O99.334,
O99.335, T65.211A, T65.212A, T65.213A,
T65.214A, T65.221A, T65.222A, T65.223A,
T65.224A, T65.291A, T65.292A, T65.293A,
T65.294A, Z72.0
99406, 99407, G9276, G9458
292.0, 292.11, 292.12, 292.2, 292.81, 292.82,
292.83, 292.84, 292.85, 292.89, 292.9, 304.00,
304.01, 304.02, 304.10, 304.11, 304.12, 304.2,
304.20, 304.21, 304.22, 304.3, 304.30, 304.31,
304.32, 304.4, 304.40, 304.41, 304.42, 304.5,
304.50, 304.51, 304.52, 304.6, 304.60, 304.61,
304.62, 304.7, 304.70, 304.71, 304.72, 304.8,
304.80, 304.81, 304.82, 304.9, 304.90, 304.91,
304.92, 305.2, 305.20, 305.21, 305.22, 305.3,
305.30, 305.31, 305.32, 305.4, 305.40, 305.41,
305.42, 305.5, 305.50, 305.51, 305.52, 305.6,
305.60, 305.61, 305.62, 305.7, 305.70, 305.71,
305.72, 305.8, 305.80, 305.81, 305.82, 305.9,
305.90, 305.91, 305.92, 648.3, 648.30, 648.31,
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Appendix Table 1: Continued
Condition

Code type

ICD-9
ICD-10

Code
category

Procedure
Diagnosis

Code
648.32, 648.33, 648.34, 655.5, 655.50, 655.51,
655.53, 760.72, 760.73, 760.75, 779.5, 965.0,
965.00, 965.01, 965.02, 965.09, V65.42, E850.0,
E850.1, E850.2, E854.1, E935.0, E935.1
94.6, 94.64, 94.65, 94.66, 94.67, 94.68, 94.69
F11.10, F11.120, F11.121, F11.122, F11.129,
F11.13, F11.14, F11.150, F11.151, F11.159,
F11.181, F11.182, F11.188, F11.19, F11.20,
F11.220, F11.221, F11.222, F11.229, F11.23,
F11.24, F11.250, F11.251, F11.259, F11.281,
F11.282, F11.288, F11.29, F11.90, F11.920,
F11.921, F11.922, F11.929, F11.93, F11.94,
F11.950, F11.951, F11.959, F11.981, F11.982,
F11.988, F11.99, F12.10, F12.120, F12.121,
F12.122, F12.129, F12.13, F12.150, F12.151,
F12.159, F12.180, F12.188, F12.19, F12.20,
F12.220, F12.221, F12.222, F12.229, F12.250,
F12.251, F12.259, F12.280, F12.288, F12.29,
F12.90, F12.920, F12.921, F12.922, F12.929,
F12.950, F12.951, F12.959, F12.980, F12.988,
F12.99, F13.10, F13.120, F13.121, F13.129,
F13.130, F13.131, F13.132, F13.139, F13.14,
F13.150, F13.151, F13.159, F13.180, F13.181,
F13.182, F13.188, F13.19, F13.20, F13.220,
F13.221, F13.229, F13.230, F13.231, F13.232,
F13.239, F13.24, F13.250, F13.251, F13.259,
F13.26, F13.27, F13.280, F13.281, F13.282,
F13.288, F13.29, F13.90, F13.920, F13.921,
F13.929, F13.930, F13.931, F13.932, F13.939,
F13.94, F13.950, F13.951, F13.959, F13.96, F13.97,
F13.980, F13.981, F13.982, F13.988, F13.99,
F14.10, F14.120, F14.121, F14.122, F14.129,
F14.13, F14.14, F14.150, F14.151, F14.159,
F14.180, F14.181, F14.182, F14.188, F14.19,
F14.20, F14.220, F14.221, F14.222, F14.229,
F14.23, F14.24, F14.250, F14.251, F14.259,
F14.280, F14.281, F14.282, F14.288, F14.29,
F14.90, F14.920, F14.921, F14.922, F14.929,
F14.93, F14.94, F14.950, F14.951, F14.959,
F14.980, F14.981, F14.982, F14.988, F14.99,
F15.10, F15.120, F15.121, F15.122, F15.129,
F15.13, F15.14, F15.150, F15.151, F15.159,
F15.180, F15.181, F15.182, F15.188, F15.19,
F15.20, F15.220, F15.221, F15.222, F15.229,
F15.23, F15.24, F15.250, F15.251, F15.259,
F15.280, F15.281, F15.282, F15.288, F15.29,
F15.90, F15.920, F15.921, F15.922, F15.929,
F15.93, F15.94, F15.950, F15.951, F15.959,
F15.980, F15.981, F15.982, F15.988, F15.99,
F16.10, F16.120, F16.121, F16.122, F16.129,
F16.14, F16.150, F16.151, F16.159, F16.180,
F16.183, F16.188, F16.19, F16.20, F16.220,
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Appendix Table 1: Continued
Condition

Obstructive sleep
apnea

Code type

Code
category

ICD-10

Procedure

ICD-9
ICD-10

Diagnosis
Diagnosis

Code
F16.221, F16.229, F16.24, F16.250, F16.251,
F16.259, F16.280, F16.283, F16.288, F16.29,
F16.90, F16.920, F16.921, F16.929, F16.94,
F16.950, F16.951, F16.959, F16.980, F16.983,
F16.988, F16.99, F17.203, F17.208, F17.209,
F17.213, F17.218, F17.219, F17.223, F17.228,
F17.229, F17.293, F17.298, F17.299, F18.10,
F18.120, F18.121, F18.129, F18.14, F18.150,
F18.151, F18.159, F18.17, F18.180, F18.188,
F18.19, F18.20, F18.220, F18.221, F18.229, F18.24,
F18.250, F18.251, F18.259, F18.27, F18.280,
F18.288, F18.29, F18.90, F18.920, F18.921,
F18.929, F18.94, F18.950, F18.951, F18.959,
F18.97, F18.980, F18.988, F18.99, F19.10, F19.120,
F19.121, F19.122, F19.129, F19.130, F19.131,
F19.132, F19.139, F19.14, F19.150, F19.151,
F19.159, F19.16, F19.17, F19.180, F19.181,
F19.182, F19.188, F19.19, F19.20, F19.220,
F19.221, F19.222, F19.229, F19.230, F19.231,
F19.232, F19.239, F19.24, F19.250, F19.251,
F19.259, F19.26, F19.27, F19.280, F19.281,
F19.282, F19.288, F19.29, F19.90, F19.920,
F19.921, F19.922, F19.929, F19.930, F19.931,
F19.932, F19.939, F19.94, F19.950, F19.951,
F19.959, F19.96, F19.97, F19.980, F19.981,
F19.982, F19.988, F19.99, F55.0, F55.1, F55.2,
F55.3, F55.4, F55.8, O35.5XX0, O35.5XX1,
O35.5XX2, O35.5XX3, O35.5XX4, O35.5XX5,
O35.5XX9, T40.691A, T40.692A, T40.693A,
T40.694A, O99.320, O99.321, O99.322, O99.323,
O99.324, O99.325, P04.41, P04.49, P96.1, P96.2,
T40.0X1A, T40.0X2A, T40.0X3A, T40.0X4A,
T40.0X5A, T40.0X5S, T40.1X1A, T40.1X2A,
T40.1X3A, T40.1X4A, T40.2X1A, T40.2X2A,
T40.2X3A, T40.2X4A, T40.3X1A, T40.3X2A,
T40.3X3A, T40.3X4A, T40.3X5A, T40.3X5S,
T40.4X1A, T40.4X2A, T40.4X3A, T40.4X4A,
T40.411A, T40.412A, T40.413A, T40.414A,
T40.415A, T40.421A, T40.422A, T40.423A,
T40.424A, T40.425A, T40.491A, T40.492A,
T40.493A, T40.494A, T40.495A,T40.7X1A,
T40.8X1A, T40.601A, T40.602A, T40.603A,
T40.604A, T40.691A, T40.692A, T40.693A,
T40.694A, T40.901A, T40.991A, Z71.41, Z71.42,
Z71.51, Z71.52, Z71.6
HZ2ZZZZ, HZ30ZZZ, HZ31ZZZ, HZ32ZZZ,
HZ33ZZZ, HZ34ZZZ, HZ35ZZZ, HZ36ZZZ,
HZ37ZZZ, HZ38ZZZ, HZ39ZZZ, HZ3BZZZ,
HZ40ZZZ, HZ93ZZZ, HZ96ZZZ
780.51, 780.53, 780.57, 327.23
G47.30, G47.33
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Appendix Table 1: Continued
Condition

Restless leg
syndrome

Code type
ICD-10
ICD-9
ICD-10
ICD-10

Code
category
Diagnosis
Diagnosis
Diagnosis
Diagnosis

Code
G47419, G47411, G47429, G47421
33394
G2581
G4761
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Appendix Table 2: Natural language processing derived expressions (based on data provider’s proprietary
algorithm) used to define clinical conditions or symptoms included in the cluster analysis
Condition
Depression

Clinical term
Depression, major depression, postpartum depression, manic depression,
bipolar depression, reactive depression, neurotic depression, psychotic
depression, agitated depression, endogenous depression

Anxiety

Anxiety, anxiety disorder, generalized anxiety disorder, anxiety state, anxiety
attack, separation anxiety, social anxiety disorder, anxiety states, phobic
anxiety, free floating anxiety
Bipolar disorder, bipolar, bipolar i disorder, bipolar ii disorder, manic bipolar i
disorder, mixed bipolar i disorder
Post-traumatic stress syndrome, post-traumatic stress disorder

Bipolar disease
Post-Traumatic stress
disorder
Obstructive sleep
apnea
Restless leg syndrome
Alcohol use
disorder/dependance
Tobacco use
disorder/dependance
Drug use
disorder/dependance

Suicide
ideation/Suicide
attempt/Self-harm or
injury

Obstructive sleep apnea
Restless leg syndrome
Alcohol abuse, alcoholism, alcohol dependence, alcohol intoxication, alcohol
issues, alcohol addiction
Tobacco abuse, tobacco dependence
Drug abuse, IV drug abuse, drug addiction, drug dependence, illicit drug abuse,
recreational drug abuse, polydrug abuse, active drug dependence, substance
abuse, polysubstance abuse, cocaine abuse, cannabis abuse, marijuana abuse,
heroin abuse, opioid abuse, amphetamine abuse, stimulant abuse, inhalant
abuse, pcp abuse, sedative abuse, steroid abuse, opioid dependence,
polysubstance dependence, cannabis dependence, benzodiazepine dependence,
cocaine dependence, substance dependence, heroin dependence, marijuana
dependence, methamphetamine dependence, anxiolytic dependence, narcotic
dependency, amphetamine dependence, active drug dependence, narcotic
abuse, opiate abuse
Suicidal ideation, suicide risk, suicide attempt, harm self, self-injury, thoughts
of self-harm, self-injurious behavior, self-mutilation, self-cutting, selfdestructive, self-neglect, self-abusive behavior, self-abusive, self-destructive
behavior

History of
abuse/violence

Domestic abuse, physically abused, physical abuse, sexual abuse, child abuse,
emotional abuse, elder abuse, physical/sexual abuse, sexually abused,
emotionally abused, verbal abuse, drug/sexual/physical abuse, childhood abuse
spousal abuse, verbally abused, sex abuse, partner abuse, abuse by sibling,
domestic violence, intimate partner violence, family violence, risk of domestic
violence, partner violence

Fatigue
Moodiness

Fatigue
Mood disorder, mood swings, change in mood, mood issues, mood changes,
moody, moodiness, mood swing, mood alteration, unstable mood, disturbance
in mood, mood impaired, variable mood, mood abnormality
Irritable, irritability and anger, anger, angry

Irritability or anger
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Appendix Table 2: Continued
Condition
Lack of concentration

Poor memory

Lack of motivation or
energy
Stress
Headache

Daytime sleepiness
Mistakes/accidents at
work or while driving

Clinical term
Concentration issues, concentrating issues, concentration impaired, lack of
concentration, inability to concentrate, concentrating impaired, lack of
concentrating
Memory loss, memory lapses, short-term memory loss, short-term memory
issues, short-term memory impaired, long-term memory impaired, memory
dysfunction, memory for recent events abnormality, memory impaired,
memory for remote events abnormality, memory for recent events impaired,
long-term memory issues, long-term memory loss, memory for remote events
impaired, memory for recent events issues, lack of memory, lack of short-term
memory, short-term memory abnormality, lack of memory for recent events,
lack of long-term memory, distortion of memory, lack of memory for remote
events
Lack of motivation, motivation issues, decreased energy, lack of energy, loss of
energy, lacking in energy, decreased energy
Psychological stress, stress, distress, emotional stress
Headache, tension headache, frontal headache, sinus headache, morning
headache, cluster headache, occipital headache, rebound headache, cluster
headaches, spinal headache, headache disorder, temporal headache, posttraumatic headache, migraine aura without headache, vascular headache,
cervicogenic headache, stress headache, episodic tension-type headache,
muscle contraction headache, aching headache, parietal headache, cluster
headache syndrome, analgesic overuse headache, low pressure headache,
ocular headache, shooting headache, viral headache, postspinal headache,
cough headache syndrome, drug withdrawal headache, benign cough headache
Sleeping impaired, daytime sleepiness, excessive sleepiness, excessive
daytime sleeping, sleeps too much, sleep impaired, driving while sleepy
Motor vehicle accident, car accident, motorcycle accident, vehicle accident,
accident at work, work accident, moped accident, scooter accident, car accident
injury, workplace accident, injury from motor vehicle accident, injury from car
accident, traffic accident on highway, bus accident, motorbike accident, road
traffic accident, occupational injury, motor vehicle injury
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Appendix Table 3: Comparison of demographic and clinical characteristics for insomnia subtypes for a 3cluster solution

Age (at diagnosis)
18-25
26-35
36-45
46-55
56-64
Female
Race/Ethnicity
N-H Caucasian
N-H African
American
Hispanic
Other/Unknown
Charlson index
score
0
1-2
>2
Preventive service
use
Depression
Anxiety
Bipolar disease
PTSD
Drug use disorder
Tobacco use
disorder
Alcohol use disorder
OSA
RLS
Family history of
mental heath
OTC sleep aid
Non-FDA
prescription RX
Violence/abuse
Suicide/self-injury
Low blood oxygen
Smoking status
Current smoker
Previously smoked/
Not currently
smoking
Never smoked/
Unknown
Alcohol status
Does not consume
alcohol

Cluster 1
N = 3,492
Col %

Cluster 2
N = 8,246
Col %

Cluster 3
N = 5,386
Col %

5.7
10.9
18.6
28.5
36.3
59.3

8.7
15.1
18
29.2
29.1
63.2

11
15.6
19.9
26.9
26.7
73.4

82.2

73.1

43.2

6.2
2.8
8.8

8.9
4.1
13.9

15.4
11.1
30.3

69.5
14.4
16.2

71.1
14.4
14.5

60.3
18.2
21.4

22.9
26.9
32.3
4.6
1.5
9.1

22.7
28.8
32.8
4.2
1.1
6.9

25.4
75
74
12
5.5
17.8

20.5
7.9
14.5
2.1

11.1
5.3
18.2
2.2

27.4
10.7
22.8
3.9

10.1
6.4

10.2
7.2

19.7
11.3

3.4
2.1
6.4
9

3.7
2.2
6.9
7.9

6.9
6
16.1
8.6

17.1

15.5

32.1

82.2

9.8

36.7

0.7

74.7

31.2

16.8

27.9

75
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Appendix Table 3: Continued

Consumes alcohol
Unknown
BMI
Underweight
Healthy weight
Overweight
Obese
Blood pressure
Normal
Elevated
Hypertension
Pulse
Bradycardia
Normal range
Tachycardia
Breathing rate
Bradypnea
Normal range
Tachypnea
Pain
No pain
Mild pain
Moderate pain
Severe pain
Fatigue
Moodiness
Irritability/anger
Lack of
concentration
Poor memory
Lack of
motivation/energy
Stress
Daytime sleepiness
Mistakes/accidents
Headaches

Cluster 1
N = 3,492
Col %
69.7
13.6

Cluster 2
N = 8,246
Col %
59.2
13

Cluster 3
N = 5,386
Col %
14
11

1.6
31.2
42.6
24.6

0.9
19.3
24
55.8

1.4
19.3
22.3
57

34.8
14.2
51

33.3
15.3
51.4

34.4
13.6
52

5.6
87.6
6.8

5.2
87.3
7.5

3.5
87.3
9.2

1.6
95.1
3.3

1.4
95.1
3.5

0.9
95.3
3.8

22.8
25.2
28.7
23.3
25.5
5.3
13.1

53.3
15.4
17.5
13.7
27.6
5.5
12

25.1
17.3
27.7
29.9
40.2
12.1
23.2

3.5
3.2

4.3
3.4

7.6
8.2

1.2
19.6
1.7
6
27.6

1.7
20.1
3.1
5.5
31.5

2.6
35.2
5.3
11.6
67.4
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Appendix Table 4: Comparison of demographic and clinical characteristics for insomnia subtypes for a 4cluster solution

Age (at diagnosis)
18-25
26-35
36-45
46-55
56-64
Female
Race/Ethnicity
N-H Caucasian
N-H African
American
Hispanic
Other/Unknown
Charlson index
score
0
1-2
>2
Preventive service
use
Depression
Anxiety
Bipolar disease
PTSD
Drug use disorder
Tobacco use
disorder
Alcohol use disorder
OSA
RLS
Family history of
mental heath
OTC sleep aid
Non-FDA
prescription RX
Violence/abuse
Suicide/self-injury
Low blood oxygen
Smoking status
Never smoked
Previously smoked/
Not currently
smoking
Current smoker
Unknown
Alcohol status
Does not consume
alcohol

Cluster 1
N = 2,606
Col %

Cluster 2
N = 6,771
Col %

Cluster 3
N = 3,427
Col %

Cluster 4
N = 4,320
Col %

15.8
16.3
18.5
24.5
24.9
68.8

8.1
14.4
19
27.7
30.8
69.6

4.7
12.5
18.4
32
32.4
55.3

9
14.7
18.6
28.7
29
65.6

67.3

61.9

71.3

65.6

8.4
5.6
18.8

10.8
7.5
19.8

10.6
4.3
13.9

10.9
5.5
17.9

76.4
11.7
11.9

61.9
17.7
20.4

73.3
14.9
11.8

65.9
15.1
18.9

18.2
18
15.6
4.3
1
7.6

25.1
68.3
62.5
10.5
4.4
15.7

21.8
16
12
2.3
0.4
4.7

25.9
39.7
64.1
6
2.3
9.7

20.5
6.6
6.2
1.3

24.5
9.9
22.2
3.6

11.1
3.7
17.2
1.7

12.4
7.3
22.6
2.9

7.9
6.9

17.7
9.8

6
7.6

15
7.4

2.2
1.5
6.3
7

6.2
5
13.7
9.5

2.7
1.6
3.8
8.4

5.1
3.2
10.1
7.3

44.8

17.3

68.2

71

22.7
31.3
1.2

58.7
23.2
0.7

15.1
15.9
0.8

13.2
15.4
0.5

53.2

56.7

5.9

34.7
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Appendix Table 4: Continued

Consumes alcohol
Unknown
BMI
Underweight
Healthy weight
Overweight
Obese
Blood pressure
Normal
Elevated
Hypertension
Pulse
Bradycardia
Normal range
Tachycardia
Breathing rate
Bradypnea
Normal range
Tachypnea
Pain
No pain
Mild pain
Moderate pain
Severe pain
Fatigue
Moodiness
Irritability/anger
Lack of
concentration
Poor memory
Lack of
motivation/energy
Stress
Daytime sleepiness
Mistakes/accidents
Headaches

Cluster 1
N = 2,606
Col %
35.3
11.5

Cluster 2
N = 6,771
Col %
32.1
11.2

Cluster 3
N = 3,427
Col %
88.9
5.3

Cluster 4
N = 4,320
Col %
44.6
20.8

1.7
69.1
24.9
4.3

1.2
14.8
26.1
58

0.7
7.2
30.1
61.9

1.3
15.5
28.3
55

71.5
7.9
20.6

29.7
14.9
55.4

18.5
17.5
64

30.3
15.7
54.1

6.1
87.3
6.6

4
87.1
8.9

5.6
86.5
7.8

4.3
88.5
7.2

1.5
95.3
3.2

1.1
95.3
3.6

1.8
94.3
3.9

1.1
95.6
3.3

32.4
21.1
24.8
21.8
15.6
3.8
10.9

24.6
19.6
28.4
27.4
28.7
10.4
19.9

24.6
24.7
28
22.7
11.8
3
8.2

73.8
8.4
9.5
8.2
59.6
8.8
18.3

2.9
2.4

6.2
6.5

2.3
1.9

7.2
6.1

1.1
15.1
0.8
5.9
20.6

2.1
31.1
4.2
9.9
62.1

0.8
14.2
2.1
5.3
22.6

2.8
29.1
5.2
6.4
38.8
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Appendix Table 5: Results from logistic regression model displaying unadjusted odds ratio associated
with inpatient visits across clusters (reference: cluster 5)

Cluster 1 vs 5
Cluster 2 vs 5
Cluster 3 vs 5
Cluster 4 vs 5

Odds ratio
1.14
1.81
1.93
1.71

Confidence Interval
0.97, 1.35
1.55, 2.12
1.65, 2.26
1.36, 2.16

P-value
0.10
< 0.01
< 0.01
< 0.01

Appendix Table 6: Results from logistic regression model displaying unadjusted odds ratio associated
with emergency department visits across clusters (reference: cluster 5)

Cluster 1 vs 5
Cluster 2 vs 5
Cluster 3 vs 5
Cluster 4 vs 5

Odds ratio
1.25
2.64
1.62
2.32

Confidence Interval
1.12, 1.40
2.37, 3.00
1.44, 1.81
1.97, 2.73

P-value
< 0.01
< 0.01
< 0.01
< 0.01

Appendix Table 7: Results from logistic regression model displaying unadjusted odds ratio associated
with insomnia prescription drug fills across clusters (reference: cluster 5)

Cluster 1 vs 5
Cluster 2 vs 5
Cluster 3 vs 5
Cluster 4 vs 5

Odds ratio
0.97
0.85
0.92
1.36

Confidence Interval
0.83, 1.15
0.72, 1.01
0.78, 1.09
1.07, 1.72

P-value
< 0.01
< 0.01
< 0.01
< 0.01

Appendix Table 8: Results from count regression model displaying incidence rate ratios associated with
physician office visits across clusters (reference: cluster 5)

Cluster 1 vs 5
Cluster 2 vs 5
Cluster 3 vs 5
Cluster 4 vs 5

Incidence rate ratio
1.15
1.27
1.39
1.20

Confidence Interval
1.05, 1.26
1.16, 1.40
1.27, 1.53
1.03, 1.39

P-value
< 0.01
< 0.01
< 0.01
0.02

Appendix Table 9: Results from count regression model displaying incidence rate ratios associated with
non-physician outpatient visits across clusters (reference: cluster 5)

Cluster 1 vs 5
Cluster 2 vs 5
Cluster 3 vs 5
Cluster 4 vs 5

Incidence rate ratio
1.09
1.55
1.43
1.24

Confidence Interval
1.02, 1.17
1.44, 1.66
1.33, 1.54
1.11, 1.39
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P-value
0.02
< 0.01
< 0.01
< 0.01

Appendix Table 10: Results from count regression model displaying incidence rate ratios associated with
non-insomnia prescription drug fills across clusters (reference: cluster 5)

Cluster 1 vs 5
Cluster 2 vs 5
Cluster 3 vs 5
Cluster 4 vs 5

Incidence rate ratio
1.13
2.03
1.61
1.64

Confidence Interval
1.05, 1.22
1.88, 2.19
1.49, 1.74
1.45, 1.86
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P-value
< 0.01
< 0.01
< 0.01
< 0.01
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