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Abstract

Background: Suicide prevention is a public health priority, but risk factors for suicide after
medical hospitalization remain understudied. This problem is critical for women, for whom
suicide rates in the United States are disproportionately increasing.

Objective: To differentiate the risk of suicide attempt and self-harm following general medical
hospitalization among women with depression, bipolar disorder, and chronic psychosis.

Methods: We developed a machine learning algorithm that identified risk factors of suicide
attempt and self-harm after general hospitalization using electronic health record data from 1,628
women in the University of California Los Angeles Integrated Clinical and Research Data
Repository (UCLA-xDR). To assess replicability, we applied the algorithm to a larger sample of
140,848 women in the New York City Clinical Data Research Network (NYC-CDRN).

Results: The classification tree algorithm identified risk groups in UCLA-XDR (Area Under the
Curve [AUC] 0.73, sensitivity 73.4, specificity 84.1, accuracy 0.84), and predictor combinations
characterizing key risk groups were replicated in NYC-CDRN (AUC 0.71, sensitivity 83.3,
specificity 82.2, and accuracy 0.84). Predictors included medical comorbidity, history of
pregnancy-related mental illness, age, and history of suicide-related behavior. Women with
antecedent medical illness and history of pregnancy-related mental illness were at high risk
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(6.9-17.2% readmitted for suicide-related behavior), as were women < 55 years old without
antecedent medical illness (4.0-7.5% readmitted).

Conclusions: Prevention of suicide attempt and self-harm among women following acute
medical illness may be improved by screening for sex-specific predictors including perinatal
mental health history.

Introduction

Despite prevention efforts, rates of suicide in the United States have risen for nearly three
decades.! Suicide prevention is a public health priority? and improving suicide prevention
efforts during and after medical hospitalization is an area of focus of the updated 2019 Joint
Commission National Patient Safety Goals.3 An important, and under-investigated area, is

prevention of suicide and suicide-related behavior following general medical hospitalization.
4

There are well-established sex differences in suicide risk®6 and rates of suicide are rising
disproportionately among women in the U.S.”:8 Over 700,000 women attempt suicide each
year.9 Most women who die by suicide have had recent contact with their healthcare
providers.2 Women with serious mental illness are at particularly high risk of suicide-related
behavior,10 and risk of suicide increases further following acute medical illness.!! Recent
endeavors to measure, predict, and prevent suicide attempts among women after acute
medical interventions have focused almost entirely on obstetric care.1213 However, non-
obstetric medical hospitalization is also associated with death by suicide following hospital
discharge!!: individuals who complete suicide are three times more likely to have been
discharged from a medical rather than a psychiatric hospitalization.14 Yet, suicide and self-
harm by women after medical hospitalization has remained scarcely explored.

In this study, sociodemographic and clinical characteristics derived from electronic health
records (EHRs) are used to predict risk of readmission for serious suicide attempt and self-
harm among adult women with serious mental illness (depression, bipolar disorder, and
chronic psychosis) after general medical hospitalization. We focus on non-obstetric general
medical hospitalizations to address the gap in evidence surrounding predictors of suicidal
behavior in medically ill women. We deploy a supervised machine learning method
optimized for clinical interpretability, Classification and Regression Tree (CART) modeling,
to produce risk profiles using a broad array of predictors, and validate the approach using
separate datasets to identify common risk subgroups. Using this approach, we distinguish
risk profiles of hospitalizations followed by a suicide-related readmission from
hospitalizations followed by a non-suicide related readmission. Our primary hypothesis was
that routinely collected EHR data could be used to produce accurate risk profiles of
readmission for suicide-related behavior after medical hospitalization. We also hypothesized
that common risk profiles could be consistently identified in diverse populations and across
different health system settings. To our knowledge, this is the first study to assess women’s
risk for suicide attempt and self-harm after medical hospitalization using large-scale EHR
data and machine learning methods.
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Study Design

This was a population-based, retrospective cohort study using EHR data collected between
2006 and 2017 from a large, urban academic medical center (University of California, Los
Angeles; UCLA) comprising 8,408 index general hospitalizations of women with
depression, bipolar disorder, schizophrenia or schizoaffective disorder. Following extraction,
data was analyzed using Classification and Regression Tree (CART) modeling. To determine
if we could identify similar risk profiles in a broader population and across different health
system settings, we applied the modeling approach to a larger multi-institutional network
EHR dataset — the PCORI-funded New York City Clinical Data Research Network (NYC-
CDRN) — comprising 841,834 index hospitalizations across NYC.16 Results were then
compared to identify common risk profiles. Because this study was a secondary analysis of
existing de-identified health records, the need for ethical approval and participant consent
was waived by the UCLA and NYC-CDRN Institutional Review Boards.

Dataset Description

Outcomes

Patient data was extracted from the UCLA Integrated Clinical and Research Data Repository
(UCLA-XDR) and NYC-CDRN datasets. The UCLA-XDR repository contains 10 years of
outpatient and inpatient EHR data collected from 2006 through 2016 from two academic
medical hospitals within the UCLA Health System, totaling 765 inpatient beds. The NYC-
CDRN dataset contains outpatient and inpatient EHR data collected from 2009 through 2017
from seven health systems across the NYC metropolitan area including data on
approximately 12 million unique patients.16

The index hospitalization was defined as the first general hospitalization during the study
period for a primary medical (non-psychiatric) diagnosis. From each dataset we limited data
extraction to: (1) adult women (=18 years-old with natal sex female) (2) with ICD code(s)
for depressive disorder (ICD-9 296.20-296.36; ICD-10 F32-33.x), bipolar disorder (ICD-9
296.00-296.89, 296.40- 296.89; ICD-10 F31.0-31.9), or schizophrenia or schizoaffective
disorder (ICD-9 295.xx; ICD-10 F20.x, F25.x)present at discharge from index
hospitalization, and (3) two or more general hospitalizations during the study period
(2009-2016 for UCLA sample and 2009-2017 for the NYC-CDRN sample) (See
Supplemental Table 1). Restriction to recurrent hospital utilizers was done to ensure that
EHR data on at least one all-cause readmission within our health systems was available for
all participants, and to limit confounding of predictors of readmission from predictors of
suicidality. The index hospitalization was defined as the first general hospitalization during
the study period for a primary medical (non-psychiatric) diagnosis. Natal sex was used to
identify females as information on patient gender identity was inconsistently reported.
Obstetric hospitalizations were excluded from the analysis to focus on risk profiles of
suicide-related behavior outside of the antenatal and postpartum periods.

The primary outcome was medical rehospitalization for nonfatal suicide attempt or
intentional self-harm in the year following discharge from a general medical hospitalization.
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Nonfatal suicide attempt and intentional self-harm were defined by ICD-9 and ICD-10 codes
specified in the 2018 National Health Statistics Report of the Center for Disease Control and
Prevention’ (ICD-9 codes: E950.0-E959; ICD-10 codes: X71.0xx-X83.8xx, T36.2-
T71.232, T14.91). An outcome was considered present if, in the 365 days following hospital
discharge: (1) the individual was medically re-hospitalized, and (2) the re-hospitalization
encounter was associated with a diagnostic code for suicide attempt or self-harm.

Predictor Selection

Sociodemographic data, medications, healthcare utilization, and diagnostic codes were
extracted. A complete list of predictors included in each category is provided in
Supplemental Digital Content Table 1. Psychiatric and medical comorbidities were
determined by 1CD-9/10 codes. Medical comorbidities were classified by the Elixhauser
comorbidity system18 which was condensed into a single numeric score, the van Walraven
score, estimating global disease burden.1® As individual Elixhauser comorbidity categories
are independently associated with outcomes such as length of stay and mortality,18 we
included both the presence of each Elixhauser comorbidity category and the summary van
Walraven score as predictors. Psychiatric conditions were condensed into the following
categories: schizophrenia or schizoaffective disorder (ICD-9 295.xx; ICD-10 F20.x, F25.x),
and depressive (296.20-296.36; F32-33.x), bipolar (296.00-296.89; F31.0-31.9), anxiety
(ICD-9 300.0-300.3; F40-41.x), personality (301.0-301.9; F60.0-60.9), substance use
disorders (291.xx, 292.xx, 303,xx, 305.xx; F10-19.x) and pregnancy-related mental
disorders including those complicating pregnancy, childbirth, the puerperium, and post-
partum (648.40-44; F53.x, 099.34x, 090.6). Homelessness (Z259.x), criminal justice
involvement (Z65.x), poverty (Z59.x), and adult and childhood abuse and neglect (V61.xx,
995.8x, 998.x; T76.x, Z62.X, Z91.X, Z74.X, Z62.X) were also included as predictors.

Data preparation

Static predictors were used in their extracted form (e.g. natal sex, race). Utilization variables
(e.g. ambulatory care visits) were coded by presence or quantity within the 365 days prior to
the index hospitalization. To capture longitudinal information one year before and after
index hospitalization, index hospitalizations were restricted to admissions occurring between
365 days after the earliest date available and 365 days prior to the latest date available for
each site. If multiple encounters occurred on the same date or on contiguous dates, the
encounters were consolidated into a single episode of care (e.g. transfer between services).
ICD diagnoses were coded by presence at index hospitalization (episode diagnoses) and any
historical diagnosis (e.g. history of suicide attempt or self-harm) during the entire study
period preceding the index hospitalization. Missing predictor values were imputed via
corresponding medians of index hospitalizations for which data was available.2% A large
portion of index hospitalizations were missing on medications (47.0% UCLA-xDR, 22.0%
NYC-CDRN), primary/secondary diagnosis flags (69.0% UCLA-xDR, entirely in NYC-
CDRN) and chief complaint (72.0% UCLA-xDR, entirely in NYC-CDRN). Ethnicity was
missing in 4.7% of UCLA-xXDR and 30% of NYC-CDRN. The NYC-CDRN dataset was
missing data entirely on race. The remainder of included predictors were missing for < 9%
of index hospitalizations.

Med Care. Author manuscript; available in PMC 2022 February 01.
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Classification Model

Results

The classification model was implemented using several steps that informed the
identification of predictive features and assessment of the predictive value of the features.
Due to their highly interpretable representations and robustness to highly complex and
nonparametric data, “tree” models are used in a variety of data mining and machine learning
applications?122, CART modeling was chosen to capture distinct clinical profiles, display
interactions between features in the data, and produce a natural visualization of model
results?3, Although the following steps are presented sequentially, the methods were
developed iteratively and somewhat in parallel, consistent with successful applications of
supervised machine learning to clinical data24.

Classification modeling was performed in the following steps: (1) CART modeling was
performed using the Scikit-learn Python toolbox sklearn.tree?>. The CART model was run
with equal-weighted priors to account for anticipated class imbalance in scipy notation:
class_weight="balanced’. The Gini index determined tree splits. (2) A cost-complexity based
tree pruning strategy, i.e. a complexity parameter (cp), optimized the trade-off between the
cost of misclassification and the tree complexity. The cp is a hyperparameter used to control
the size of the decision tree and select the optimal tree size. Trees were constructed for a
sequence of values of cp, and the final cp was chosen to correspond to the value which
yielded a prediction error one standard error larger than the minimum estimated by cross-
validation 26. (3) All analyses were conducted using ten-folds cross validation 27, Each
hospitalization was randomly assigned into ten non-overlapping subsets containing a similar
number of cases and non-cases. Nine data sub-samples were used to train the classifier and
the classifier was independently tested on the remaining tenth sub-sample. This procedure
was iteratively conducted resulting in all tenths of the data used for both training and testing
the algorithm, i.e. 10-folds. A set seed was placed to enable replicability of results
(‘random_state=seed’). The cross-validation algorithm was written in Python version 3.7.1.
(4) Classification tree performance was measured by the AUC, sensitivity, specificity,
accuracy, positive predictive value (PPV), negative predictive value (NPV), and F-statistic
were also examined. (5) Classification models were derived separately for the UCLA-xDR
and NYC-CDRN datasets. Following separate development of CART models in both
datasets, the models were inspected for prevalence of outcome, selected features, and
distribution of risk.

Study Cohort Characteristics

UCLA Integrated Clinical and Research Data Repository.—Cohort descriptives are
presented in Table 1 and the flowchart for study inclusion is presented in Supplemental
Digital Content Figure 1. The UCLA-XDR dataset included information from 77,296 general
hospitalizations of individuals with serious mental illness. Of these, 8,408 were hospital
episodes of care for females who met study inclusion criteria. The final sample included
1,628 patients. Median number of hospitalizations per patient was 3 (Interquartile range
[IQR]: 1-6). Mean age was 60.5 years (SD = 20.0). The most common psychiatric diagnoses
were psychotic disorders (51.2%), depression (45.8%), and bipolar disorder (16.0%).
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Median van Walraven score was 22 (SD 12-31). Median all-cause length of stay was 4 days
(IQR: 2-7). Median days to all-cause hospital readmission was 39 (IQR: 14-107). The most
commonly prescribed psychotropic medication were lorazepam (26.2%), trazodone (15.8%),
quetiapine (12.9%), olanzapine (8.3%), haloperidol (5.8%), escitalopram (5.6%), and
sertraline (5.6%). The readmission rate was 1.3% for medically serious suicide attempt or
self-harm, and 3.6% for suicidal ideation.

New York City Clinical Data Research Network.—The NYC-CDRN dataset
contained information from 4,363,866 general hospitalizations of individuals with serious
mental illness. Of these, 841,834 were index hospitalizations for women who met study
inclusion criteria. The final sample included 140,848 patients. Median number of
hospitalizations per patient was 5.5 (IQR 1-9). Mean age of participants was 57.5 years (SD
= 11.49). The most common psychiatric diagnoses were depression (43.8%), bipolar
disorder (31.4%), and psychosis (24.7%). Median van Walraven score was 19.5 (SD 10-29).
Median all-cause length of stay was 5.5 days (IQR 3-8). Median days to all-cause hospital
readmission was 34 (IQR 7-145). The most commonly prescribed medication were
aripiprazole (28.6%), trazodone (14.5%), olanzapine (12.3%), clozapine (10.3%),
cariprazine (9.3%), and escitalopram (6.7%). The readmission rate was 4.8% for medically
serious suicide attempt or self-harm, and 2.6% for suicidal ideation.

CART Modeling

When applied to the UCLA-XDR dataset, the classification tree risk model identified 73%
(80/109) rehospitalizations for self-directed violence with area under the curve (AUC) 0.73,
sensitivity 73.4, specificity 84.1, and accuracy 0.84. When applied to the NYC-CDRN
dataset, the model identified 67% (29,619/40,408) rehospitalizations for self-directed
violence with area under the curve (AUC) 0.71, sensitivity 83.3, specificity 82.2, and
accuracy 0.84. The classification tree presenting common risk pathways to both datasets is
displayed in Figure 1. Derivation of this aggregate tree involved categorization of branch
points. For example, the highest branch point of the CDRN tree was Elixhauser category
diagnoses =3 vs <3 whereas the highest branch point of the UCLA tree was Elixhauser
category diagnoses =4 or <4. In the aggregate tree, these categories are displayed as
“moderate-to-high antecedent medical comorbidity” and “low antecedent medical
comorbidity.” Full classification trees with cohort counts at each leaf are included in
Supplemental Digital Content Figures 2 and 3 (UCLA-xDR and NYC-CDRN, respectively).

In the UCLA-XDR dataset, the highest risk group comprised women with moderate medical
comorbidity (= 4 Elixhauser category diagnoses), no history of suicide attempt or self-harm,
but with history of pregnancy-related mental illness (10/58 hospitalizations, 17.2%). The
second highest risk subgroup included women with moderate medical comorbidity (= 4
Elixhauser category diagnoses), and history of suicide attempt or self-injury (17/167
hospitalizations, 10.2%).

In the NYC-CDRN dataset, the highest risk group (defined as risk of rehospitalization for
suicide attempt or self-harm) comprised women with moderate medical comorbidity (= 3
Elixhauser category diagnoses), no history of suicide attempt or self-harm, no history of
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pregnancy-related mental illness, but with five or more hospitalizations in the past year, and
a history of substance abuse (3,591/21,635, 16.6%). The second highest risk subgroup
included women with moderate medical comorbidity (= 3 Elixhauser category diagnoses),
no history of suicide attempt or self-harm, no history of pregnancy-related mental illness, but
with five or more hospitalizations in the past year, without a history of substance use, but
with a history of depression (8,297/53,877, 15.4%).

The trees were notable for consistent identification of high branch nodes, i.e. nodes with
high importance in differentiating risk of outcome. Several pathways to risk were common
between trees. Women with low antecedent medical comorbidity, i.e. with Elixhauser
category diagnoses < 3 (NYC-CDRN) or 4 (UCLA-xDR), and younger than 55-years-old,
were at increased risk (UCLA-XDR 45/651, 6.9% and NYC-CDRN 3,371/44,953, 7.5%).
Women with moderate-to-high antecedent medical comorbidity, i.e. with Elixhauser
category diagnoses = 3 (NYC-CDRN) or 4 (UCLA-xDR), no history of suicide attempt or
self-harm, and with history of pregnancy-related mental illness were at increased risk
(UCLA-xDR 10/58, 17.2% and NYC-CDRN 4,092/59,307, 6.9%).

Of note, tree results diverged for women with moderate-to-high medical comorbidity, i.e.
with Elixhauser category diagnoses < 3 (NYC-CDRN) or 4 (UCLA-xDR), and history of
suicide attempt. This group had increased risk in the UCLA-XDR cohort (17/167, 10.2% vs
overall population risk of 1.3%) compared with the NYC-CDRN cohort (5,969/138,818,
4.3% vs overall population risk of 4.8%).

Discussion

In this study, we developed a predictive model of medically serious suicide attempt and self-
harm following general hospitalization among women with serious mental illness. We used a
machine learning approach to identify key predictors and combinations of predictors
differentiating hospitalizations followed by a suicide-related readmission from
hospitalizations followed by a non-suicide related readmission. By applying this approach in
two separate populations spanning diverse demographics, case mixes, geographies, and
health systems, we derived an aggregate model highlighting common risk groups.

The model identified index hospitalizations at high risk for suicide-related readmission
(accuracy 0.84) when applied to a moderately-sized population from a single institution
(8,408 hospitalizations) and when subsequently applied to a multi-institution data network
two orders of magnitude larger (841,834 hospitalizations). The most important predictors of
suicide-related readmission were antecedent medical illness, history of suicide-related
behavior, age, and history of pregnancy-related mental illness. Notably, the classification
trees demonstrated consistent patterns across datasets, replicating common predictor
combinations characterizing high risk hospitalizations. The model performed comparably to
other predictive models of suicide attempts based on EHR data (AUC 0.71-0.84)28-30 and
similarly to other published EHR-based models of clinical prediction (0.83), hospitalization
(0.71), and service utilization (0.71)3L.
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Our approach suggests that risk of suicide-related behavior may be best characterized by
combinations of predictors, rather than single linear relationships between individual
predictors and outcome. Antecedent medical illness (i.e. degree of medical comorbidity prior
to index hospitalization) was the most important risk factor in both datasets. Presence of
antecedent medical illness alone did not differentiate risk, but rather determined which
combinations of predictors were relevant in differentiating risk. For example, women with
moderate-to-high antecedent medical illness were at elevated risk if they experienced prior
suicide-related behavior or pregnancy-related mental illness, whereas women with low or no
antecedent medical illness were at elevated risk if they were younger than 55-years-old. This
finding affirms recent studies emphasizing the importance of considering multiple
interacting and interdependent predictors when modeling suicidality risk.32:33

Our study adds to the literature by providing the first model of suicide-related behavior
focusing on women with concomitant medical and mental illness. Because women
experience different patterns of suicide-related behavior compared with men,34:3% suicide
screening and prevention strategies during medical hospitalization may be advanced by the
assessment of sex-specific risk factors. Recent work suggests men, relative to women, may
be more vulnerable to suicidality following physical illness.32 However, in general there has
been a paucity of information on women’s risk for suicide after acute medical illness.
Current suicide screening protocols generally do not assess sex-specific predictors3®, such as
history of pregnancy-related mental illness.

We found that history of pregnancy-related mental illness was associated with increased risk
of suicide-related behavior after (non-obstetric) medical hospitalization, particularly among
women with moderate-to-high antecedent medical comorbidity. Substantial work has
focused on characterizing suicide-related behavior during pregnancy and the peripartum,
with the most evidence for rise in suicide risk during the postpartum period.12:37.38
Vulnerability to sex hormone shifts has been posited as a mechanism for the enduring
predisposition to mental illness following postpartum depression, particularly during
menopause.3° Our finding that a history of pregnancy-related mental illness is associated
with suicidality after medical hospitalization in a large sample of predominantly post-
menopausal women (mean age 57.5-60 years) may suggest additional risk mechanisms. For
example, women who have had a history of pregnancy-related mental illness may be
particularly susceptible to stressors associated with acute medical illness and medical
intervention, including loss of identity, threats to autonomy, and health/illness transitions.
Moreover, women who experienced psychological trauma associated with hospitalization for
childbirth may retain vulnerability to trauma reminders during subsequent hospitalizations.40
The relationship between pregnancy-related mental illness and subsequent risk of suicidality
after medical illness warrants further exploration, particularly with regard to the role of
hormone replacement therapy, neuroinflammatory markers, and intergenerational role
transitions.

The results of our study should be interpreted in light of the following considerations. We
focused on medical hospitalizations and thus did not include individuals with low-lethality
suicide-related behavior. Although we used data collected from multiple institutions, care
outside of our health systems was not captured. To address this “open” system problem and
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model a known outcome, we subsetted our data to focus on women who were rehospitalized
within our health systems. As with all studies using EHR data, these data are imperfect.
Inclusion of suicide risk assessment (such as the Columbia Suicide Screening Rating
Scale?3) would almost assuredly enhance the predictive accuracy of our model, however
encoding of these scales was poor in our datasets. Suicidal ideation and behavior are
notoriously undercoded, and thus the rate of suicide-related behaviors is likely
underestimated.1741 Future studies should consider use of clinical text and natural language
processing to enhance cohort identification of patients presenting for suicide-related care.
Our analyses focused on natal sex, future work should explore post-medical hospitalization
suicide risk in cohorts with patient-identified gender.2

Conclusions

Suicide and self-harm are leading causes of health care costs, disability, and death’ and
medical hospitalization is a unique point of crisis and potential intervention.#11:44 Overall,
the results support our hypotheses that EHR data routinely collected in the course of medical
care during general hospitalization can differentiate subsequent risk of suicide-related
behavior among women, and that common risk subgroups are consistently identifiable in
diverse populations. Approximation of suicide risk helps to allocate resources and direct
referrals to psychiatric care. While national guidelines recommend screening all individuals
treated for behavioral health conditions, patients treated for non-behavioral medical illness
remain absent from this mandate,*® and sex-specific risk factors are not yet incorporated into
most suicide screening measures.3® In light of rising suicide rates despite decades of
prevention efforts, analytics using large scale EHR databases has gained traction as an
evolving method for risk stratification. These precision methods hold promise for identifying
high risk populations, in turn enhancing clinical decision making for triage of resources and
directed efforts toward suicide prevention for all genders.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1. Aggregate Decision Tree.

Classification tree stratifying risk of suicide attempt and self-harm following medical
hospitalization among women with serious mental illness. This tree displays common
combinations of risk factors identified in both the UCLA Integrated Clinical and Research
Data Repository and the New York City Clinical Data Research Network datasets. Full
classification trees are presented in the supplemental digital content. Percent risk refers to
percentage of hospitalizations followed by rehospitalization for suicide attempt and self-
harm within one year. Each pathway from root to leaf node is translated into a series of “if-
then” rules that are applied to classify observations. Every leaf node is associated with a
decision rule, corresponding to the most frequent class label of the observations belonging to
that node. Elixhauser category diagnoses refers to the number of disease category

conditions.
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Cohort Descriptives

TABLE 1.

Overall [n(%)]

UCLA-xDR NYC-CDRN

Characteristics N=1,628 N=140,848
Ethnicity

Non-Hispanic 1269 (77.9%) 80,283 (57.0%)

Hispanic 215 (13.2%) 16,901 (12.0%)

Other or Unknown 76 (4.7%) 42,253 (30.0%)
Race

White 1,071 (65.7%) -

Black or African American 198 (12.1%) —

Asian 80 (4.9%) -

Native American or Alaska Native 8 (0.5%) -

Native Hawaiian or Other Pacific Islander 2 (0.1%) —

Other or Unknown 269 (16.5%) -
Age

18-39 279 (17.1%) 37,324 (26.5%)

40-64 583 (35.8%) 60,282 (42.8%)

>65 764 (46.9%) 43,240 (30.7%)
Psychiatric diagnoses

Psychotic disorder'z 834 (51.2%) 34,788 (24.7%)

Depronz 745 (45.8%) 61,691 (43.8%)

Bipolar disorderg 261 (16.0%) 44,226 (31.4%)
Comorbid medical conditions

Hypertension 879 (54.0%) 59,297 (42.1%)

Fluid or electrolyte disorder 665 (40.8%) 21,831 (15.5%)

Cardiac arrhythmia 564 (34.6%) 24,648 (17.5%)

Anemia 620 (38.1%) 22,535 (16.0%)

Renal failure 327 (20.1%) 20,563 (14.5%)

Chronic pulmonary disease 392 (24.1%) 26,338 (18.7%)

Congestive heart failure 220 (13.5%) 38,028 (27.0%)
Elixhauser-Van Walraven summary score

>20 738 (45.3%) 38,874 (27.6%)

10-19 381 (23.4%) 37,043 (26.2%)

0-9 508 (31.2%) 59,297 (42.1%)

Substance use disorder
Nicotine use
Drug abuse

Alcohol abuse

Medications5

Med Care. Author manuscript; available in PMC 2022 February 01.

141 (8.6%)
153 (9.4%)
65 (4.0%)

11,267 (8.0%)
15,493 (11.0%)
24,648 (17.5%)
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Overall [n(%)]
UCLA-xDR NYC-CDRN
Characteristics N=1,628 N=140,848

Antidepressant 616 (71.3%) 26,761 (24.3%)

Anxiolytic 514 (59.5%) 9,577 (8.7%)

Antipsychotic 391 (45.3%) 13,380 (12.2%)

Mood stabilizer 90 (10.4%) 12,676 (11.5%)

JCorresponding to ICD codes to ICD-9 295.xx; ICD-10 F20.x, F25.x

2C0rresp0nding to ICD-9 296.20-296.36; ICD-10 F32-33.x

3C0rresp0nding to ICD-9 296.00-296.89, 296.40- 296.89; ICD-10 F31.0-31.9

Summary numeric score derived from Elixhauser comorbidity classification system corresponding to overall disease burden.

Information on medications was only available 53% patients in UCLA-xDR and 78% patients in NYC-CDRN. Classification tree analyses used

median imputation for missing values.
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