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Background

Sleep is a fundamental biological activity essential for overall health and well-being. Sufficient,
uninterrupted sleep is critical for maintaining both physical and mental health. Insufficient or disrupted
sleep can have detrimental effects, leading to a range of physical and mental health conditions™?. Sleep
disorders, i.e., conditions that impact the timing, quantity, or quality of sleep, are associated with the
development of numerous health problems, including depression, obesity, type 2 diabetes, heart
disease, dementia, and certain types of cancer™**. Sleep loss and disorders are among the most
prevalent yet often overlooked health concerns. It is estimated that 50 to 70 million Americans suffer
from chronic sleep or wakefulness disorders™*, and over 100 million Americans of all ages report not
obtaining sufficient sleep®. Each year, these sleep-related conditions contribute significantly to national
healthcare costs. For instance, in the U.S., the annual cost related to undiagnosed sleep apnea alone is
estimated to amount to $150 billion; this figure does not include additional costs related to associated
health problems, loss in productivity, and accidents, highlighting sleep disorders as a significant public
health concern’.

Given the substantial health and economic burden of sleep disorders, identifying at-risk individuals is
essential to mitigate serious health consequences. Existing research has relied primarily on supervised
classification methods to predict sleep disorders*®’. These methods typically treat uncoded patients as
negative examples in machine learning (ML) models. However, the absence of a diagnosis code in a
health record does not necessarily imply that the person is free of the condition. In fact, underdiagnosis
and undercoding is common in healthcare records.

In this study, our objective is to characterize the clinical patterns of patients diagnosed with sleep
disorders, allowing us to identify undiagnosed individuals at risk who share similar profiles. Specifically,
we aim to identify common comorbidities and medications among individuals diagnosed with any type
of sleep disorder by employing the non-negative matrix factorization (NMF) algorithm?®. This approach
could ultimately facilitate earlier intervention and help prevent the severe outcomes associated with
sleep disorders.



Materials and Methods

In this study, we utilized the All of Us electronic health record (EHR) data mapped to the OMOP Common
Data Model® for cohort identification and feature selection. To define the study cohort, we selected
individuals with at least 730 days of continuous observation beginning on or after January 1, 2017. The
sleep disorder phenotype was defined using International Classification of Diseases, Tenth Revision,
Clinical Modification (ICD-10-CM) codes “F51.*” and “G47.*”. In clinical practice, patients with sleep
disturbances may receive either of these codes depending on whether their symptoms are considered to
have a medical or psychological basis. Consequently, we included both G47 (physiological or medical
origin) and F51 (psychological or behavioral origin) codes to define the sleep disorder phenotype.

We identified a total of N=83,610 unique patients with any recorded sleep disorder code. For these
individuals, we collected all associated conditions (ICD-10-CM codes only) and drug exposures (RxNorm
codes) recorded prior to their first sleep disorder diagnosis, resulting in 41,068 unique covariates. Using
these patients and covariates, we constructed a compressed sparse row (CSR) matrix X of size 83,610 x
41,068. In this matrix, each cell was set to 1 if the patient had the corresponding condition or
medication, and 0 otherwise.

In general, the NMF algorithm factorizes a non-negative nxm-matrix X into two lower-rank non-negative
matrices: a basis matrix W (nxk) and a coefficient matrix H (kxm), such that X=WH, where k< min(n,m)
denotes the number of latent components. We applied NMF to the CSR matrix X with k=4, selected
based on minimizing the reconstruction error measured by the Frobenius norm. The coefficient matrix H
captures the contribution of each covariate to each latent component (with rows of H representing
components and columns representing covariates). For each component, we selected the top 15
covariates to determine the most common conditions and medications associated with different clusters
of patients coded for sleep disorders.

Results
Table 1 presents the top 15 covariates with the highest coefficients for each component of the NMF

coefficient matrix (H). These components reflect distinct patterns of co-occurring conditions and
medication exposures that were prevalent among patients prior to their sleep disorder diagnosis.

NMF Top 15 covariates
Component

Component 1 | 1) Other Chronic Pain; 2) Anxiety Disorder, Unspecified; 3) Gastro-Esophageal Reflux
Disease Without Esophagitis; 4)Low Back Pain; 5) Major Depressive Disorder, Single
Episode, Unspecified; 6) 2 Ml Ondansetron 2 Mg; 7) Unspecified Abdominal Pain; 8)
Cervicalgia; 9) Acetaminophen 325 Mg; 10) Cough; 11) Fluticasone Propionate 0.05
Mg; 12) 2 Ml Fentanyl 0.05 Mg; 13) Other Fatigue; 14) Other Specified Postprocedural
States; 15) Acute Upper Respiratory Infection, Unspecified

Component 2 | 1) Sodium chloride 9 MG; 2) Fentanyl 0.05 MG; 3) Midazolam 1 MG; 4) Propofol 10
MG; 5) Naloxone hydrochloride 0.4 MG; 6) Lidocaine hydrochloride 20 MG; 7)
Potassium chloride 20 MEQ Extended Release Oral Tablet; 8) Diphenhydramine




hydrochloride 50 MG; 9) Calcium chloride 0.0014 MEQ; 10)1 ML promethazine
hydrochloride 25 MG; 11) Dexamethasone phosphate 4 MG; 12) Ketorolac
tromethamine 30 MG; 13) Morphine sulfate 4 MG; 14) Rocuronium bromide 10 MG;
15) 50 ML magnesium sulfate 40 MG

Component 3

1) Sodium chloride 9 MG; 2) Fentanyl; 3) Ondansetron 2 MG; 4) Midazolam; 5)
Lidocaine; 6) Calcium chloride 0.0014 MEQ; 7) Ondansetron; 8) Propofol; 9) 10 ML
sodium chloride 9 MG; 10) Midazolam 1 MG; 11) Acetaminophen 325 MG Oral Tablet;
12) Dexamethasone; 13) Oxycodone hydrochloride 5 MG Oral Tablet; 14) Oxycodone;
15) Hydromorphone

Component 4

1) Essential (primary) hypertension; 2) Hyperlipidemia, unspecified; 3) Type 2 diabetes
mellitus without complications; 4) Atherosclerotic heart disease of native coronary
artery without angina pectoris; 5) Obesity, unspecified; 6) Mixed hyperlipidemia; 7)
Gastro-esophageal reflux disease without esophagitis; 8) Shortness of breath; 9)
Chest pain, unspecified; 10) Type 2 diabetes mellitus with hyperglycemia; 11)
Atorvastatin 40 MG Oral Tablet; 12) Pure hypercholesterolemia, unspecified; 13)
Aspirin 81 MG Delayed Release Oral Tablet; 14) Vitamin D deficiency, unspecified; 15)
Hypothyroidism, unspecified

Table 1. Top 15 covariates with the highest coefficients in each latent component of the NMF coefficient
matrix (H), representing conditions and medications prior to the first sleep disorder diagnosis.

Because NMF assigns patients different membership weights across multiple components, each patient
can be partially associated with all components. The dominant component of a patient is the component
with the highest weight. Figure 1 shows the absolute frequency of dominant components, i.e., number
of patients assigned primary to each component.
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Figure 1: Number of patients assigned to each component based on their largest membership weight.
Discussion and Conclusion

The four identified components revealed meaningful and clinically interpretable patterns of
pre-diagnosis conditions and medication exposures among patients who were subsequently diagnosed
with a sleep disorder. Chronic pain and mood disorders (such as anxiety and depression)™ , along with
cardiometabolic conditions (including hypertension, hyperlipidemia, diabetes, obesity, and
cardiovascular disease)'’, are well-known contributors to poor sleep quality and an increased risk of
sleep disorders. Furthermore, exposure to opioids (e.g., fentanyl, morphine), sedatives (e.g., midazolam,
propofol), opioid antagonists (e.g., naloxone), and medications commonly used for pain and nausea (e.g.,
ondansetron, acetaminophen, oxycodone) has been linked to disrupted sleep patterns. These findings
indicate that unsupervised methods such as NMF can effectively identify patterns of conditions and
medication exposures preceding a sleep disorder diagnosis. While this study applied NMF to conditions
and medications, the approach is extendable to any class of covariates to discover important features for
a given phenotype. As such, these models can support the early identification of undiagnosed patients
with similar clinical profiles who are at elevated risk of developing sleep disorders, thereby enabling
earlier interventions to help prevent the progression of severe sleep-related problems.
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