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Abstract

Background: Although suicideis aleading cause of death among children, the optimal approach for using health care data sets
to detect suicide-related emergencies among children is not known.

Objective: Thisstudy aimed to assess the performance of suicide-related International Classification of Diseases, Tenth Revision,
Clinical Modification (ICD-10-CM) codes and suicide-related chief complaint in detecting self-injurious thoughts and behaviors
(SITB) among children compared with clinician chart review. The study also aimed to examine variations in performance by
child sociodemographics and type of self-injury, as well as develop machine learning models trained on codified health record
data (features) and clinician chart review (gold standard) and test model detection performance.

Methods: A gold standard classification of suicide-related emergencies was determined through clinician manual review of
clinical notes from 600 emergency department visits between 2015 and 2019 by children aged 10 to 17 years. Visits classified
with nonfatal suicide attempt or intentional self-harm using the Centers for Disease Control and Prevention surveillance case
definition list of ICD-10-CM codes and suicide-related chief complaint were compared with the gold standard classification.
Machine learning classifiers (least absolute shrinkage and selection operator—penalized logistic regression and random forest)
were then trained and tested using codified health record data (eg, child sociodemographics, medications, disposition, and
laboratory testing) and the gold standard classification. The accuracy, sensitivity, and specificity of each detection approach and
relative importance of features were examined.

Results: SITB accounted for 47.3% (284/600) of the visits. Suicide-related diagnostic codes missed nearly one-third (82/284,
28.9%) and suicide-related chief complaints missed more than half (153/284, 53.9%) of the children presenting to emergency
departments with SITB. Sensitivity was significantly lower for male children than for female children (0.69, 95% CI 0.61-0.77
vs 0.84, 95% CI 0.78-0.90, respectively) and for preteens compared with adolescents (0.66, 95% Cl 0.54-0.78 vs 0.86, 95% Cl
0.80-0.92, respectively). Specificity was significantly lower for detecting preparatory acts (0.68, 95% CI 0.64-0.72) and attempts
(0.67, 95% CI 0.63-0.71) than for detecting ideation (0.79, 95% CI 0.75-0.82). Machine learning—based models significantly
improved the sensitivity of detection compared with suicide-related codes and chief complaint alone. Models considering all 84
features performed similarly to models considering only mental health—related ICD-10-CM codes and chief complaints (34
features) and models considering non-ICD-10-CM code indicators and mental health—related chief complaints (53 features).

Conclusions: The capacity to detect children with SITB may be strengthened by applying a machine learning—based approach
to codified health record data. To improve integration between clinical research informatics and child mental health care, future
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research is needed to evaluate the potential benefits of implementing detection approaches at the point of care and identifying

precise targets for suicide prevention interventions in children.

(JMIR Ment Health 2023;10:e47084) doi: 10.2196/47084
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Introduction

Background

Inthe United States, suicideisthe second leading cause of death
among children aged 10 to 14 years, and 1 in 13 children
attempts suicide before adulthood [ 1,2]. Emergency departments
are often the first point of access to mental health care for
children at risk for suicide, and >1.12 million pediatric
emergency department visits each year are suiciderelated [ 3-5].
Emergency department visits for self-harm among children
tripled between 2007 and 2016 [6], and visits for suicide
attempts further increased during the pandemic, particularly
among girlsand older children[7]. The concurrent rapid growth
of health informatics has brought promise that comprehensive
clinical datafrom health records can be used to detect care for
suicide-related emergencies in a timely and accurate manner
[8-10]. However, the optimal approach to detecting
childhood-onset self-injurious thoughts and behaviors (SITB)
using health record data remains unknown.

Medical records provide an expanding repository of clinical
and phenotypic datato enablelow-cost popul ation-based studies
on a large scade [11] and inform targeted point-of-care
interventions [12]. The discovery of individuals with specific
health conditions from within health record data sets historically
relied on laborious and time-intensive manual chart review [13].
In recent years, algorithmsto classify child psychiatric disorders
and adverse childhood experiences have demonstrated the
capacity to distinguish casesfrom noncases using semiautomated
approaches to structured codified data (eg, demographics,
diagnostic codes, and medications) and text mining with natural
language processing [14,15]. Phenotype algorithms currently
exist for many childhood-onset mental health conditions,
including pediatric depression [16], anxiety [17], developmental
language disorder [18], attention-deficit/hyperactivity disorder
[15], and autism [19], as well as general pediatric conditions
such as Crohn's disease [20], sepsis [21], leukemia and
lymphoma[22], and pulmonary hypertension [23].

Nevertheless, little is known about whether the detection of
suicide-related emergency department visits using medical
record data can be improved through the development and
application of phenotype agorithms. Children experience
heterogenous manifestations of suicidal thoughts and behaviors
across the developmental continuum, and the codified health
data elements that differentiate children with SITB from those
without are not well characterized. Most surveillance
applications exclude children or combine children with adults
[24-26]. Trade-offsin current approaches to detecting SITB in
children are likely but remain unmeasured. For example,
whether suicide-related International Classification of Diseases,
Tenth Revision, Clinical Modification (ICD-10-CM), codesand
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suicide-related chief complaints are sufficiently sensitive and
specificin detecting SITB in childhood. Machinelearning—based
approaches have supported the generation of other clinical
phenotypes informative for predicting prognosis, enhancing
clinica monitoring, detecting comorbid developmental
conditions, and selecting effective treatments [27]. However,
the relative benefits of using these approaches are not known
for childhood-onset SITB. A recent study distinguishing children
with suicidal thoughts and behaviors from those without used
data from the Adolescent Brain Cognitive Devel opment study
and identified factors difficult to capture using health records:
prodromal psychosis, family conflict, depression severity, and
impulsivity [28]. Although there is increasing recognition of
disparitiesin predicting suicide events using health records[29],
variation in the accuracy of detection of SITB across pediatric
population strata (sex, age, race, and ethnicity) remains scarcely
described. Knowing which children with SITB are missed by
existing approaches could inform efforts to improve detection
in an equitable manner and mitigate inequity in the targeted
identification of suicide precursors.

Objectives

To address the af orementioned gaps, the study objectives were
to (1) compare the detection performance of suicide-related
ICD-10-CM codes and chief complaint with that of clinician
manual chart review, (2) examine variations in the detection
performance by child sociodemographics and type of SITB
(suicidal thoughts, preparatory acts, suicide attempt, and
nonsuicidal self-injury), and (3) sequentialy train and test a
series of phenotype algorithms (machine learning classifiers)
to detect SITB using codified health record data of varying
complexity.

Methods

Design

This was a cross-sectional observational study of emergency
department visits by children aged 10 to 17 years. The primary
outcome was the classification of the presence or absence of
SITB at the emergency department visit. The classification
performance of codified medical record data (structured data
elements) was compared with that of expert classification by
clinician manual chart review of medical records. Algorithmic
detection considering three sets of structured dataelementswas
compared with detection considering suicide-related |CD-10-CM
codes and suicide-related chief complaint alone (comparator)
and chart review (gold standard): (1) mental health—related
codes and menta heath—related chief complaints, (2)
suicide-related codes and non— CD-10-CM code data elements
(ie, other sociodemographic and clinical characteristics of the
child), and (3) all structured data elements.
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The study followed the STROBE (Strengthening the Reporting
of Observationa Studiesin Epidemiology) statement guidelines.

Ethics Approval

The study was approved by the University of California Los
Angelesinstitutional review board (20-001512).

Data Source

The data source was a large university hospital health system
comprising 4 hospitals (1 pediatric, 2 medical, and 1 psychiatric)
across 2 sites (a tertiary academic medical center and a
community hospital). For each child meeting the inclusion
criteria, al emergency department medical records were
delivered to the study team by the Clinical and Trandlational
Science Ingtitute from the Integrated Clinical and Research Data
Repository, alarge-scale clinical data warehouse that supports
dataanalyses and extractionsfor research. The academic medical
center site is a primary teaching hospital in Los Angeles,
California. This site includes a colocated affiliated children’s
hospital and an independently accredited psychiatric hospital
with 3 inpatient child psychiatric units serving children with
mental illnesses and devel opmental disabilities. The academic
medical center is staffed 24/7 with child and adolescent
psychiatristsand general psychiatrists. The community hospital
is affiliated with a 25-bed general inpatient pediatric ward. At
the community hospital site, children with acute psychiatric
complaints are seen by emergency department physicians and
licensed clinical socia workers.

Sampling
The flowchart of study inclusion is presented in Figure 1. A
series of selection ruleswere applied to yield asamplefeasible
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for chart review (n=600) and consistent with judicious
oversampling informative cases [30]. Visits were restricted to
the most recent mental health—related emergency department
visit by each child, occurring between October 1, 2015, and
October 1, 2019, and defined as emergency department
encounters associated with (1) one or more diagnostic code as
defined by the Child and Adolescent Mental Health Disorders
Classification System (CAMHD-CS) [31]; (2) a menta
health—related chief complaint; (3) a positive response to the
triage screening question; “Does this patient have a primary
psychiatric complaint or suspicion of psychiatric illness?’; or
(4) an involuntary mental health detainment order. The final
sample was intentionally structured to approximate an equal
distribution of 50% cases and 50% noncases. Consequently,
from the pool of children who met the inclusion criteria
(n=1713), werandomly selected (1) atotal of 35.4% (100/282)
of children who had both a suicide-related code and a chief
complaint, (2) atota of 68.5% (200/292) of children with either
a suicide-related code or a chief complaint, and (3) a total of
26.3% (300/1139) of children with neither a suicide-related
ICD-10-CM code nor suicide-related a chief complaint. Given
the rigorous sampling strategy, a statistical comparison was
conducted between the eligible children and those included in
the study, and the results are presented in Multimedia A ppendix
1. The only significant difference observed was a marginally
higher representation of Hispanic or Latinx children in the final
sample (27% compared with 24% in the sample of eligible
children; P=.02).
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Figurel. Flowchart of study inclusion. CAMHD-CS: Child and Adolescent Mental Health Disorders Classification System; ED: emergency department;
ICD-10-CM: International Classification of Diseases, Tenth Revision, Clinical Modification; MH: mental health.
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Study Variable Construction

Sociodemographics included child age, natal sex, race, and
ethnicity. These variables were self- or parent-reported at the
point of care. Socioeconomic disadvantage was assessed using
the AreaDeprivation Index (ADI) [32]. The Federal Information
Processing System (FIPS) code of each child’'s home address
was linked to the ADI with decile ranked at the state and
national levels. Theonly variable for which missing valueswere
present was ADI (missing for 56/600, 9% children), and missing
values for ADI were imputed through corresponding medians.
Additional structured data indicators were considered (eg,
gender identity, family history, and language) but omitted owing
to sparsity.

Clinical characteristics included diagnostic or billing codes,
chief complaint, orders (medications, laboratory tests, and
involuntary hold status), site (academic medical center vs
community hospital), and prior care use. All mental
health—related diagnostic or billing codes (ICD-10-CM) from
the emergency department visit were categorized using the
CAMHD-CS [31]. The presence of an ICD-10-CM code for
SITB was determined by the presence of one or more codes
from the Centers for Disease Control and Prevention (CDC)
surveillance case definition list [24] and associated with the
emergency department visit. Of note, the codes used to assign
the CAMHD-CS category of suicide or self-injury align exactly
with the CDC code list. The chief complaint for SITB was
determined by the selection of suicidal or suicide attempt by
nursing triage upon the child's arrival at the emergency
department. Laboratory tests were restricted to those ordered
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and collected during the emergency department visit and
included those related to overdose (serum acetaminophen,
salicylates, benzodiazepines, and tricyclics), urine drug screen
results, and serum alcohal. All psychotropic medications (n=97)
received during the visit were consolidated using the Anatomical
Therapeutic Chemical classification system into 8 categories
(antidepressants, antiepileptics, antihistamines, antipsychotics,
anxiolytics, hypnotics and sedatives, lithium, and
psychostimulants). Additional clinical characteristics were
encounter year, site, emergency department disposition, provider
sex, aswell asthe child’s number of prior 90-, 180-, and 365-day
emergency department visitsand general medical and psychiatric
hospitalizations. A full list of sociodemographic and clinical
characteristics and definitions are included in Multimedia
Appendix 2.

Manual Chart Abstraction

All clinical notes from each emergency department visit were
extracted and provided to the study team verbatim. The notes
included physician history and physical examinations, progress
notes, social work notes, and nursing notes.

Classification by the manua review of records was adapted
from the Columbia Classification Algorithm of Suicide
Assessment (C-CASA) [33]. The C-CASA is a system for
categorizing suicide-related behavior that takes into account
research-based definitions of suicidality and has been applied
to the classification of emergency presentations for children
[34]. The criteria for defining a suicide attempt include both
self-harm andintent to die[33]. Including intent in the definition
of suicide helps distinguish between those who engage in
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self-harm with the intent to die and those who do so for other
reasons. The C-CASA has 8 categoriesthat differentiate among
suicidal behavior, nonsuicidal behavior, and behavior that is
potentially suicidal.

Consistent with operationalized guidelines for C-CASA, if >1
category was present, the abstractor coded the visit as consistent
with the most severe category: suicide death, nonfatal attempt,
preparatory behavior, suicidal ideation, self-injurious behavior
intent unknown, not enough information, and self-injurious
behavior without suicidal intent [33]. To capture cases with
combined nonsuicidal self-injurious behavior and suicidal
thoughts or behaviors, the classification system was adapted to
specify the presence and type of self-injurious behavior (intent
unknown or no suicidal intent) in a secondary classification
field.

Classificationswere compared and differed in only 0.3% (2/600)
of the cases for presence or absence of SITB. Classifications
differed in 2.5% (15/600) of the cases for type of SITB. In the
second stage, a second board-certified child psychiatrist (BZ)
and child psychiatric nurse practitioner (KC), aso blinded,
separately reviewed all discordant cases. Of the discordant cases
for which concordance was not reached (4/600, 0.6%),
consensus discussion yielded afinal classification.

Analyses

Rule-Based Classification

Contingency matrixeswere constructed comparing classification
with suicide-related ICD-10-CM code and suicide-related chief
complaint (comparator) and manua chart review (gold
standard). The sensitivity, specificity, and accuracy were
calculated, with 95% Cls computed using Clopper-Pearson Cls.
Variations in performance by demographics were examined by
subsetting the sample by demographic characteristics (eg, male
children). Variationsin detection performancefor type of SITB
(eg, suicidal ideation) were examined by comparing
classification using structured data elements with classification
of type upon manual chart review.

Machine Learning—Based Classification

Fit metrics were measured via 10-fold cross-validation. For
each fold, amachine learning model wastrained with structured
data elements (features) and the manual chart review (gold
standard) for each child in atraining set. Next, this model was
used to classify the presence or absence of SITB (predicted
outcome) of each child in atest set, and this predicted outcome
was compared with the manual chart review (gold standard) to
yield fit metrics. Cls for fit metrics were calculated by
examining the variationsin fit metrics across the test sets.

Three sets of structured data elements were compared,
representing varying levels of complexity of codified health
record data: (1) mental health—related ICD-10-CM codes and
mental heath—related chief complaints (34 features); (2)
suicide-related ICD-10-CM  codes and al  child
sociodemographicsand clinical characteristics, excluding mental
health—related 1CD-10-CM codes (53 features); and (3) all
structured data elements (84 features). Thefirst set was chosen
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to evaluate classification performance using mental
health—related ICD-10-CM codes and chief complaintsto detect
cases. The second set was used to determine the relative
importance of considering other, non-ICD-10-CM—based
structured data elements (ie, how well detection can be
performed without mental health comorbidity codes). Variables
in the first and second sets are mutually exclusive, except for
suicide-related ICD-10-CM codes and chief complaints, which
are included in both sets. The third set was used to
comprehensively evaluate the structured data elements that
might support the detection of casesand to test the optimization
of detection using a broad set of codified data.

Two classifier types were compared: least absolute shrinkage
and selection operator (LASSO)—penalized logistic regression
(hereinafter referred to as LA SSO) and random forest. LASSO
was selected to perform variable selection and yield a
parsimonious model involving only asubset of variablesrelevant
to the classification task [35]. Random forest was selected to
stratify the predictor space and produce a consensus prediction
using an ensemble of decision trees[36]. LASSO and random
forest were selected because both are well documented in the
informatics literature and widely used for phenotyping
applications [37]. Fit metrics were compared using McNemar
chi-square tests. The classifiers were anticipated to have
predictive ability, with accuracy ranging from 70% to 95%.
Given the study sample size, the margin of error was estimated
to be <4%.

Feature engineering was conducted using R statistical software
(version 4.2.0; R Foundation for Statistical Computing), and
the models were implemented using Python (version 3.12;
Python Software Foundation) with scikit-learn (version 1.2.2)
toolboxes sklearn.linear_model.lasso,
sklearn.ensemble.RandomForestClassifier, and sklearn.metrics.
Hyperparameters were set to default and were as follows:
LASSO-penalized logistic regression (L1 penalty, liblinear
solver, and regularization score 1.0) and random forest (100
trees, bootstrap samples, Gini impurity for tree split quality,
and no balancing or class weights). The random forest was run
with out-of-bag samples to estimate generalization error. A set
seed was used to ensure replicability. The codeisavailablefrom
the authors upon request.

Sampling Probability Adjustment

As the study population was a stratified random subsample of
the total population, we compared rule-based classification fit
metrics, both with and without the adjustment for sampling
probability. The adjustment was performed by considering the
subsample as a stratified 2-phase sample and applying inverse
probability weighting. Further detail on this method is described
by Katki et a [30].

Results

Sample Characteristics

Child sociodemographics and clinical characteristics are
presented in Table 1. Additional sample characteristics are
described in Multimedia Appendices 3 and 4.
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Table 1. Sample characteristics (n=600).

Values, n (%)

Sex
Mae 276 (46)
Female 324 (54)
Age group (years)
10-12.9 115 (19.2)
13-15.9 215(35.8)
16-17.9 270 (45)
Race
American Indian or Alaska Native 2(0.3)
Asian 35(5.8)
Black or African American 61 (10.2)
Native Hawaiian or other Pacific Islander 0(0)
White 323(53.8)
Other® 127 (21.2)
Ethnicity
Hispanic or Latinx 161 (26.8)
Not Hispanic or Latinx 390 (65)
Other? 3(05)

State ADIP decile

1-3 333(55.5)
4-6 119 (19.8)
7-10 92 (15.3)
Missing 56 (9.3)
Site
Academic medical center 455 (75.8)
Community hospital 145 (24.2)
Disposition
Discharged without hospitalization® 322(53.7)
General medical hospitaization 106 (17.7)
Psychiatric hospitalization
Within health system 134 (22.3)
Transferred outside health system 38(6.3)
L egal status
72-hour hold (involuntary) 123 (20.5)
Voluntary 477 (79.5)

Chief complaint

Psychiatric (including suicide related) 370 (61.7)
Suicide related 131 (21.8)
Other 227 (37.8)

Top 10 diagnostic code groupsd
Depressive disorders 221 (36.8)
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Values, n (%)

Suicide or self-injury

Anxiety disorders

Attention deficit hyperactivity disorder
Substance-related and addictive disorders

Mental health symptom

Autism spectrum disorder

Disruptive, impulse control, and conduct disorders
Obsessive-compulsive and related disorders
Trauma and stressor-related disorders

Bipolar and related disorders

203 (33.8)
181 (30.2)
105 (17.5)
80 (13.3)
76 (12.7)
59 (9.8)
35 (5.8)
33(5.5)
32(5.3)
24 (4)

AW ultiple races, not available, other, patient refused, or unknown.
PADI: Area Deprivation Index.

CEloped (4/322, 1.2%), |eft without being seen (2/322, 0.6%), left against medical advice (2/322, 0.6%), inpatient rehabilitation facility (3/422, 0.9%),
law enforcement (1/322, 0.3%), skilled nursing (1/322, 0.3%), and expired (3/322, 0.9%).

HTenmost prevalent Child and Adolescent Mental Health Disorders Classification System (CAMHD-CS) diagnostic code groups, in order of prevalence

in study sample.

Perfor mance of Rule-Based Classification

The detection performance of suicide-related ICD-10-CM codes
and chief complaints compared with that of manual chart review
is presented in Table 2. Manual chart review labeled 47.3%
(284/600) of the visits as consistent with SITB (gold standard
positive). Classification using suicide-related codes aone
resulted in 85 false negatives with sensitivity 0.70, specificity
0.99, and accuracy 0.85. Classification using suicide-related
chief complaint alone resulted in 155 false negatives with
sengitivity 0.45, specificity 0.99, and accuracy 0.74. The highest
misclassification was observed if a suicide-related code and a
suicide-related chief complaint were necessary to classify the
visit as SITB positive (sensitivity 0.38, specificity 1.00, and
accuracy 0.71). The lowest misclassification rate was observed
if either a suicide-related code or a suicide-related chief
complaint classified thevisit as SITB positive (sensitivity 0.77,
specificity 0.98, and accuracy 0.89). The sensitivity of
suicide-related codes and suicide-related chief complaints (either
affirmed) was significantly lower among male children (0.69,
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95% CI 0.61-0.77) than among female children (0.84, 95% Cl
0.78-0.90). Sensitivity wasal so significantly lower in detecting
cases of SITB among those aged 10 to 12 years (0.66, 95% Cl
0.54-0.78) than among those aged 13 to 15 years (0.86, 95%
Cl 0.80-0.92). Differences in fit metrics by race and ethnicity
did not reach statistical significance. There were no substantial
differences between adjusted and unadjusted fit metrics, and
sampling probability—adjusted estimates are included in
Multimedia Appendix 5.

Detection performance by type of SITB is presented in Table
3. The sensitivity of detection did not differ by type. For
suicide-related codes and suicide-related chief complaints (either
affirmed), the specificity of detection was significantly lower
for preparatory acts (0.68, 95% Cl 0.64-0.72) and suicide
attempts (0.67, 95% CI 0.63-0.71) than for suicida ideation
(0.79, 95% CI 0.75-0.82). Therewere no substantial differences
between adjusted and unadjusted fit metrics, and sampling
probability—adjusted estimates are included in Multimedia
Appendix 6.
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Table 2. Performance of International Classification of Diseases, Tenth Revision, Clinical Modification (ICD-10-CM), code (as defined by the Centers
for Disease Control and Prevention case surveillance definition list) and suicide-related chief complaint in detecting cases of self-injurious thoughts

and behaviors compared with that of manual chart abstraction: total sample and stratified by natal sex, age group, race, and ethnicity.

Sample and classification Trueposi- Faseposi- Falsenega- Truenega- Sensitivity Specificity Accuracy (95% ClI)
tive, n (%) tive,n(%) tive n(%) tive, n(%) (95% Cl) (95% ClI)
All (n=600)
ICD-10-CM 199(33.2) 4(0.7) 85(14.2) 312(52)  0.70(0.65-0.75) 0.99(0.98-1.00) 0.85 (0.82-0.88)
ccab 129 (21.5) 2(0.3) 155(25.8) 314(52.3) 0.45(0.40-051) 0.99(0.98-1.00) 0.74 (0.70-0.77)
ICD-10-CM or CC¢ 220(36.7) 5(0.8) 64(10.7) 311(51.8) 0.77(0.73-0.82) 0.98(0.97-1.00) 0.89 (0.86-0.91)
ICD-10-CM and ccd 108 (18) 1(0.2) 176 (29.3) 315(52.5) 0.38(0.32-0.44) 1.00(0.99-1.00) 0.71(0.67-0.74)
Sex
Male (n=276)
|CD-10-CM 78(28.3) 0(0) 45(16.3) 153(55.4) 0.63(055-0.72) 1.00(1.00-1.00) 0.84 (0.79-0.88)
cc 52(18.8) 0(0) 71(25.7) 153 (55.4) 0.42(0.34-051) 1.00(1.00-1.00) 0.74 (0.69-0.79)
ICD-10-CM or CC 85(30.8) 0(0) 38(13.8) 153(55.4) 0.69(0.61-0.77) 1.00(1.00-1.00) 0.86 (0.82-0.90)
ICD-10-CM and CC 45(16.3) 0(0) 78(28.3) 153(55.4) 0.37(0.28-0.45) 1.00(1.00-1.00) 0.72(0.66-0.77)
Female (n=324)
|CD-10-CM 121(37.3) 4(1.2) 40(12.3) 159(49.1) 0.75(0.68-0.82) 0.98(0.95-1.00) 0.86 (0.83-0.90)
cc 77(238) 2(0.6) 84(259) 161(49.7) 0.48(0.40-056) 0.99(0.97-1.00) 0.73(0.69-0.78)
ICD-10-CM or CC 135(41.7) 5(15) 26 (8) 158 (48.8) 0.84(0.78-0.90) 0.97(0.94-1.00) 0.90 (0.87-0.94)
|CD-10-CM and CC 63(194) 1(0.3) 98(30.2) 162(50)  0.39(0.32-0.47) 0.99(0.98-1.00) 0.69 (0.64-0.74)
Agegroup (years)
10-12.9 (n=115)
|CD-10-CM 33(287) 0(0) 26(22.6) 56(48.7) 056(0.43-069) 1.00(1.00-1.00) 0.77 (0.70-0.85)
cc 25(217) 0(0) 34(29.6) 56(48.7) 042(0.30-055) 1.00(1.00-1.00) 0.70 (0.62-0.79)
ICD-10-CM or CC 39(339) 0(0) 20(174) 56(48.7) 0.66(0.54-0.78) 1.00(1.00-1.00) 0.83(0.76-0.90)
|CD-10-CM and CC 19(165) 0(0) 40(34.8) 56(48.7) 0.32(0.20-0.44) 1.00(1.00-1.00) 0.65 (0.57-0.74)
13-15.9 (n=215)
ICD-10-CM 90(41.9) 1(0.5) 26(12.1) 98(456) 0.78(0.70-0.85) 0.99(0.97-1.00) 0.87 (0.83-0.92)
cc 57(265) 1(0.5) 59(274) 98(456) 0.49(0.40-058) 0.99(0.97-1.00) 0.72(0.66-0.78)
ICD-10-CM or CC 100 (46.5) 2(0.9) 16(7.4)  97(45.1) 0.86(0.80-0.92) 0.98(0.95-1.00) 0.92(0.88-0.95)
ICD-10-CM and CC 47(21.9) 0(0) 69 (32.1) 99 (46) 0.41(0.32-0.49) 1.00(1.00-1.00) 0.68 (0.62-0.74)
16-17.9 (n=270)
ICD-10-CM 76(28.1) 3(111)  33(15)  158(585) 0.70(0.61-0.78) 0.98(0.96-1.00) 0.87 (0.83-0.91)
cc 47 (174)  1(0.4) 62 (23) 160 (59.3) 0.43(0.34-0.52) 0.99(0.98-1.00) 0.77 (0.72-0.82)
ICD-10-CM or CC 81 (30) 3(L11)  28(104) 158(58.5) 0.74(0.66-0.83) 0.98(0.96-1.00) 0.89 (0.85-0.92)
ICD and CC 42(15.6) 1(0.4) 67(24.8) 160(59.3) 0.39(0.29-0.48) 0.99(0.98-1.00) 0.75 (0.70-0.80)
Race and ethnicity
Asian, non-Hispanic (n=35)
|CD-10-CM 12(34.3) 0(0) 3(8.6) 20(57.1) 0.8(0.6-1.00) 1.00(1.00-1.00) 0.82(0.91-1.00)
cc 5(143) 0(0) 10(286) 20(57.1) 0.33(0.09-0.57) 1.00(1.00-1.00) 0.56 (0.71-0.86)
ICD-10-CM or CC 13(37.1) 0(0) 2(5.7) 20(57.1) 0.87(0.69-1.00) 1.00(1.00-1.00) 0.87 (0.94-1.00)
|CD-10-CM and CC 4(114)  0(0) 11(314) 20(57.1) 0.27(0.04-0.49) 1.00(1.00-1.00) 0.69 (0.53-0.84)

Black, non-Hispanic (n=61)
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Sample and classification Trueposi- Faseposi- Falsenega- Truenega-  Sensitivity Specificity Accuracy (95% ClI)
tive, n (%) tive, n(%) tive n(%) tive n(%) (95% Cl) (95% ClI)
ICD-10-CM 21(344) 0(0) 10(16.4) 30(49.2)  0.68(0.51-0.84) 1.00(1.00-1.00) 0.84 (0.74-0.93)
cc 12(19.7) 0(0) 19(31.1) 30(49.2) 0.39(0.22-0.56) 1.00(1.00-1.00) 0.57 (0.69-0.80)
ICD-10-CM or CC 23(37.7) 0(0) 8(131)  30(49.2) 0.74(059-0.90) 1.00(1.00-1.00) 0.78(0.87-0.95)
|CD-10-CM and CC 10(16.4) 0(0) 21(344) 30(49.2) 0.32(0.16-049) 1.00(1.00-1.00) 0.66 (0.54-0.77)
Hispanic or Latinx (n=161)
|CD-10-CM 44(27.3) 1(0.6) 25(155) 91(565)  0.64(0.52-0.75) 0.99(0.97-1.00) 0.84 (0.78-0.90)
cc 32(199) 1(0.6) 37(23) 91(565) 0.46(0.35-058) 0.99(0.97-1.00) 0.76 (0.70-0.83)
ICD-10-CM or CC 51(317) 2(L2) 18(11.2) 90(55.9) 0.74(0.64-0.84) 0.98(0.95-1.00) 0.82(0.88-0.93)
ICD-10-CM and CC 25(155) 0(0) 44(273) 92(57.1) 0.36(0.25-0.48) 1.00(1.00-1.00) 0.66 (0.73-0.80)
White, non-Hispanic (n=285)
ICD-10-CM 106 (37.2) 2(0.7) 42(14.7)  135(47.4) 0.72(0.64-0.79) 0.99(0.97-1.00) 0.85 (0.80-0.89)
cc 68(23.9) 1(0.4) 80(28.1) 136(47.7) 0.46(0.38-054) 0.99(0.98-1.00) 0.72(0.66-0.77)
ICD-10-CM or CC 116 (40.7) 2(0.7) 32(11.2) 135(47.4) 0.78(0.72-0.85) 0.99(0.97-1.00) 0.88 (0.84-0.92)
|CD-10-CM and CC 58(204) 1(0.4) 90(31.6) 136(47.7) 0.39(0.31-047) 0.99(0.98-1.00) 0.68 (0.63-0.73)
Other® (n=58)
|CD-10-CM 16(276) 1(17) 5(8.6) 36(62.1) 0.76(0.58-0.94) 097(0.92-1.03) 0.82(0.90-0.97)
cc 12(20.7)  0(0) 9(155)  37(638) 057(0.36-0.78) 1.00(1.00-1.00) 0.75(0.84-0.94)
ICD-10-CM or CC 17(293)  1(17) 4(6.9) 36(62.1) 0.81(0.64-098) 097(0.92-1.03) 0.84(0.91-0.99)
ICD-10-CM and CC 11 (19) 0(0) 10(17.2) 37(638) 052(0.31-0.74) 1.00(1.00-1.00) 0.73(0.83-0.92)

8CC: chief complaint.

BCC refersto suicide-related chief complaints.

CCases classified as self-injurious thoughts and behaviors if either a suicide-related ICD-10-CM code or a suicide-related CC was present (either

affirmed).

dCases classified as self-injurious thoughts and behaviors if both a suicide-related ICD-10-CM code and a suicide-related CC were present (both

affirmed).

€American Indian or Alaska Native, Native Hawaiian or Pacific Islander, multiple races, not available, other, patient refused, and unknown.

https://mental .jmir.org/2023/1/e47084 JMIR Ment Health 2023 | vol. 10 | e47084 | p. 9

(page number not for citation purposes)

RenderX


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MENTAL HEALTH

Edgcomb et a

Table 3. Performance of International Classification of Diseases, Tenth Revision, Clinical Modification (ICD-10-CM), code (as defined by the Centers
for Disease Control and Prevention case surveillance definition list) and suicide-related chief complaint in detecting cases of self-injurious thoughts
and behaviors compared with manual chart abstraction: stratified by Columbia Classification Algorithm of Suicide Assessment categorization (n=600).

Categorizationand classifi- Trueposi- Falseposi- Fasenega Truenega- Sensitivity (95% Cl) Specificity (95%Cl) Accuracy (95% Cl)
cation tive, n (%) tive,n(%) tive, n (%) tive n (%)
Suicidal ideation
ICD-10-CM: broag® 105(17.5) 98(16.3) 39(65)  358(59.7) 0.73(0.66-0.80) 0.79 (0.75-0.82) 0.77 (0.74-0.81)
ICD-10-CM: srict® 104 (17.3) 87(145) 40(6.7)  369(615) 0.72(0.65-0.80) 0.81 (0.77-0.85) 0.76 (0.79-0.82)
cced 73(12.2) 58(9.7) 71(11.8) 398(66.3) 0.51(0.43-0.59) 0.87 (0.84-0.90) 0.75 (0.79-0.82)
ICD-10-CM or Cc®  118(19.7) 97(162) 26(43)  359(59.8) 0.82(0.76-0.88) 0.79 (0.75-0.82) 0.80 (0.76-0.83)
ICD-10-CM and el 60 (10) 49(82)  84(14) 407 (67.8)  0.42(0.34-0.50) 0.89 (0.86-0.92) 0.78 (0.75-0.81)
Preparatory acts
ICD-10-CM 35(5.8) 168 (28) 10(1.7) 387(64.5) 0.78(0.66-0.90) 0.70 (0.66-0.74) 0.70 (0.67-0.74)
cc 23(38)  108(18) 22(37)  447(745) 0.51(0.37-0.66) 0.77 (0.81-0.84) 0.78 (0.75-0.82)
ICD-10-CM orCC 36 (6) 179(29.8) 9(L5) 376 (62.7) 0.80(0.68-0.92) 0.64 (0.68-0.72) 0.69 (0.65-0.72)
ICD-10-CM andCC  20(3.3)  89(14.8) 33(55)  458(76.3) 0.38(0.25-0.51) 0.81 (0.87-0.84) 0.80 (0.76-0.83)
Suicide attempt
ICD-10-CM 42(7) 161(26.8) 11(1.8)  386(64.3) 0.79(0.68-0.90) 0.71 (0.67-0.74) 0.71 (0.68-0.75)
CC 22 (3.7) 109 (18.2) 31(5.2) 438(73)  0.42(0.28-0.55) 0.80 (0.77-0.83) 0.77 (0.73-0.80)
ICD-10-CM or CC ~ 44(7.3)  181(30.2) 9(L5) 366 (61)  0.83(0.73-0.93) 0.67 (0.63-0.71) 0.67 (0.63-0.71)
ICD-10-CM andCC 20 (3.3) 89(14.8) 33(5.5) 458 (76.3) 0.38(0.25-0.51) 0.84 (0.81-0.87) 0.80 (0.77-0.83)
Nonsuicidal self-injurious behavior
ICD-10-CM 74(12.3) 129(215) 35(5.8) 362 (60.3) 0.68(0.59-0.77) 0.74 (0.70-0.78) 0.73 (0.69-0.76)
cc 47(78)  84(14) 62(10.3) 407 (67.8) 0.43(0.34-0.52) 0.83 (0.80-0.86) 0.76 (0.72-0.79)
ICD-10-CM orCC  81(135) 134(22.3) 28(4.7) 357 (59.5) 0.74(0.66-0.83) 0.73 (0.69-0.77) 0.69 (0.73-0.77)
ICD-10-CM andCC  37(6.2)  72(12) 71(11.8) 420(70)  0.34(0.25-0.43) 0.82 (0.85-0.88) 0.73 (0.76-0.80)

#The entire Centers for Disease Control and Prevention case surveillance definition International Classification of Diseases, Tenth Revision, Clinical

Modification, code list was used.

bOnIy the ICD-10-CM code for suicidal ideation (R45.81) was used.
CC: chief complaint.

dec refersto sicide-related chief complaints

dcases classified as self-injurious thoughts and behaviors if either a suicide-related ICD-10-CM code or a suicide-related CC was present (either

affirmed).

€Cases classified as self-injurious thoughts and behaviors if both a suicide-related ICD-10-CM code and a suicide-related CC were present (both

affirmed).

Per for mance of Machine L earning—Based
Classification

Fit metrics by classifier type and considered features are
presented in Table 4. The LASSO and random forest classifiers
performed similarly. Classification using only suicide-related
codes and suicide-related chief complaints was less sensitive
(0.77) and more specific (0.98) than classification using machine
learning—based classification (sensitivity 0.84-0.86 and
specificity 0.91-0.95). McNemar chi-square tests are presented
in Multimedia Appendix 7.

The feature importances of models containing all structured
data elements are presented in Figure 2, in descending order of
importance, with thetop predictors, including ICD-10-CM code

https://mental .jmir.org/2023/1/e47084

for suicide or salf-injury, menta health—related chief complaint,
suicide-related chief complaint, and ICD-10-CM code for
depressive disorders. Somefeatureswereidentified assimilarly
important by both LASSO and random forest models (eg,
ICD-10-CM code for depressive disorders and |1CD-10-CM
code for anxiety disorders), whereas other features were
identified as important only in 1 model (eg, LASSO:
|CD-10-CM codefor trauma- and stressor-rel ated disordersand
random forest: age and national ADI).

There were significant differences in model performances by
number and types of considered features. The sensitivity of
detection of the machine learning models that considered all
structured data elements was significantly higher than the
sensitivity of detection using only suicide-related |CD-10-CM
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code and suicide-related chief complaint (LASSO: x?,=20.2,

P<.001 and random forest: x%,=21.6, P<.001). However, the
detection sensitivity of the models considering all structured
data elements (84 features) was not significantly different from
the sensitivity of the models considering a smaller number of
features (25 features and 53 features): both models considering
mental health—related diagnostic codes and chief complaints

Edgcomb et a

(LASSO: x2,=0.3, P=.59 and random forest: x*,=0.7, P=.39)
and the model s considering structured data el ements other than
diagnostic codes (LASSO: x%=0.6, P=.44 and random forest:
x%=0.4, P=.51) did not significantly differ in sensitivity from
the models considering al data elements. Fit metrics and

per-fold feature importances are reported in Multimedia
Appendix 8.

Table 4. Comparison of classifier performance of rule-based and machine learning classifiers (n=600), with machine learning classifier threshold set

at 0.5.
Classifier and classifica=  Festures Trueposi- Faseposi- Fasenega Truenega- Sensitivity Specificity Accuracy (95%Cl)
tion tive,n (%) tive,n(%) tive,n(%) tive,n(%) (95% Cl) (95% CI)
Rule-based
ICD-10-CM%or CCP¢ 2 220(36.7) 5(0.8) 64(10.7) 311(51.8) 0.77(0.73-0.82) 0.98(0.97-1.00) 0.89 (0.86-0.91)
LASSO!
Model 1¢ 34 240 (40) 28(47)  44(73)  288(48)  0.85(0.80-0.89) 0.91(0.88-0.95) 0.88(0.85-0.91)
Model 2f 53 239(39.8) 30(5) 45(75)  286(47.7) 0.84(0.79-0.89) 0.91(0.87-0.94) 0.87 (0.85-0.90)
Model 39 84 242(403) 29(4.8)  42(7) 287 (47.8) 0.86(0.81-0.90) 0.91(0.88-0.94) 0.88 (0.86-0.97)
Random forest
Model 1 34 241(40.2) 28(47)  43(72)  288(48)  0.85(0.80-0.89) 0.91(0.88-0.94) 0.88(0.86-0.91)
Model 2 53 242 (403) 39(65)  42(4) 277 (46.1) 0.85(0.81-0.89) 0.88(0.85-0.92) 0.86 (0.84-0.89)
Model 3 84 243(405) 26(4.3)  41(68)  290(48.3) 0.86(0.81-0.90) 0.92(0.88-0.95) 0.88(0.86-0.91)

% CD-10-CM: International Classification of Diseases, Tenth Revision, Clinical Modification.

bCC: chief complaint.
®CC refersto suicide-related chief complaints.

4L ASSO: least absolute shrinkage and selection operator—penalized logistic regression.
®Model 1 considered all mental health—related ICD-10-CM codes organized by Child and Adolescent Mental Health Disorders Classification System

categories as well as suicide-related CCs and mental health—related CCs.

"Model 2 considered suicide-related |CD-10-CM codesand all dataelements (eg, child sociodemographics, emergency department disposition, involuntary
hold status, medications, and laboratory tests) except mental health-related |CD-10-CM codes.

9Model 3 considered all structured data elements.
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Figure 2. Feature importances for the classification of children’s emergency department (ED) visits for self-injurious thoughts and behaviors. The
diagram depictsfeatures (y-axis) and the absolute value of the featureimportance for least absol ute shrinkage and sel ection operator (L ASSO)—penalized
logistic regression (top x-axis, dark gray) and random forest (bottom x-axis, light gray). Features with nonzero feature importance are displayed and
ranked in descending order such that the topmost features are those with high positive predictive performance, and the bottommost features are those
with high negative predictive importance, whereas features in the middle are of the lowest importance. ADHD: attention-deficit/hyperactivity disorder;
ADI: Area Deprivation Index; CC: chief complaint; ICD-10-CM: International Classification of Diseases, Tenth Revision, Clinical Modification.
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Discussion

Principal Findings

Overall, our findings suggest that suicide-related |CD-10-CM
codes and chief complaints substantially underdetect
suicide-related emergency department visitsand that the capacity
to detect varies by sex and age group. When stratified by child
demographics, suicide-related codes and chief complaints miss
more male children and younger children than female children
and adolescents. By contrast, machine learning—based models
applied to codified health data were more sensitive in detecting
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suicide-rel ated emergencies than suicide-related codes and chief
complaints. When comparing machine learning—based models
across headlth data sets with varying numbers of potential
features, we found minima differences in detection
performances among modelstrained on all features versusthose
trained on mental health—related codes and chief complaints
alone versus those trained on suicide-related codes and
non-ICD-10-CM code-based features (eg, medications and
laboratory testing). Thus, the results suggest that machine
learning—based models may strengthen the sensitivity of
detection of childhood-onset SITB, even when considering a
focused set of potential indicators.
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In thissample, nearly one-third (82/284, 28.9%) of the children
presenting for suicide-related emergency care were missed by
suicide-related ICD-10-CM codes, and more than half (153/284,
53.9%) of the children were missed by suicide-related chief
complaints alone. Although accurate and timely detection of
suicide-related emergency visits among children aligns with
suicide prevention efforts by supporting tracking and rapid
response to epidemiologic shifts at a population scale [38], the
results of thisstudy suggest that suicide-related codes and chief
complaints alone are likely insufficient in detecting cases and
potentially introduce bias regarding which children are correctly
detected. The CDC National Syndromic Surveillance Program
has prioritized surveillance to provide timely trend information
and support public health response [26]. Using multistate public
health agency reportsthat vary in mandatesto report emergency
department use for suicidal behavior, the CDC Emergency
Department Surveillance of Nonfatal Suicide-Related Outcomes
collects near—real -time dataon nonfatal suicide-related outcomes
[25]. This surveillance enabled the discovery of the rise in
suicide-related emergency department visits among femae
adolescents aged 12 to 17 years by 50.6% during the COVID-19
pandemic [5] and provides weekly reports surveilling suicidal
ideation and behavior in the state of Washington via the Rapid
Health Information Network [39]. Although the surveillance of
SITB is a key tool in suicide prevention, the findings of this
study challenge the highly prevalent use of diagnhostic codes
and chief complaints as a preliminary screening tool to search
for potential cases of childhood-onset SITB in clinical datasets
[40-42].

This study's findings add to previously described concerns
regarding the validity of suicide risk prediction modelsrelying
solely on ICD-10-CM codesto screen for the outcome of interest
and discover potential antecedents [43]. The significantly poorer
sensitivity of suicide-related codes and chief complaints in
detecting SITB among mal e children and preteensand thetrend
(without statistical significance) toward poorer sensitivity among
Black and Hispanic or Latinx children (sensitivity 0.74 vs
0.78-0.87) also raise concern that children misclassified by
traditional indicators are not missed at random. The variable
detection of SITB by child sociodemographics may result in
biased estimates of child mental health service use and
accentuate disparities; for example, bias may be introduced by
unintentional omission of these children from suicide risk
prediction algorithmsrelying on suicide-related codes and chi ef
complaints to screen for cases. This finding builds on concern
that clinical suicide risk prediction models reflect inequitiesin
health care based on race and ethnicity and other aspects of
patient identity [29].

More severe behaviors (preparatory acts and suicide attempt)
were most accurately detected by requiring both suicide-related
codes and chief complaints to be affirmed, whereas suicidal
ideation was most accurately detected if only 1 of these (code
or complaint) was required to consider the case affirmed. This
is perhaps because the receipt of 2 suicide-related codified data
elements may be a proxy for severity, with children with more
severe behaviors receiving both data elements. The accuracy
of the detection of nonsuicidal self-injurious behavior was poor
compared with other SITB types, which suggests that separate
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phenotype definitionsfor types of SITB (eg, separate definitions
for suicidal ideation vs preparatory actsvs suicide attempt) may
produce more accurate classification than combining all SITB
into a single category.

The optimal choice of detection approach may also depend on
the specific use case; for instance, the results of this study
suggest that suicide-related codes and chief complaints are
sufficient when high specificity is important, such as flagging
previous suicide-related emergencies in a patient chart. The
finding that suicide-related codes and chief complaints have
good specificity parallels a recent systematic assessment of
self-harm coding under the 1CD-10-CM in adults, which
suggested that 90% of the events coded as self-harm had
documentation of self-harm intent in the clinical notes[44]. In
the case of achart flag, the reduction in specificity could render
a machine learning—based approach not only inconvenient but
also potentially detrimental if false positives are increased. By
contrast, a machine learning—based approach is more effective
when maximizing sensitivity is essential, and some reduction
to specificity is allowable, such as when screening data setsfor
potential cases. As each model generates a continuous
probability of class assignment, the probability threshold may
be changed depending on the use case. In uses where a high
sensitivity is important to detecting all cases (eg, to not miss
preteens presenting for suicide-related visits), the capacity to
vary the probability threshold of classification may allow more
flexibility and improved detection. These findings fit within
other recent proof-of-concept applications of machinelearning
to classify adolescent suicidal behavior using health records,
such as detection within asample of 73 hospitalized adolescents
in 1 community health system in the United States [42], a
stepwise rule-based natural language processing approach
evaluated on a cohort of 500 adolescents with autism spectrum
disorder [8], and detection within a sample of 200 adol escents
aged 11 to 17 yearsin contact with Child and Adolescent Mental
Health Servicesin the United Kingdom [45].

In addition, the findings suggest that although machine
learning—based approaches to detection are potentially
advantageous in improving sensitivity, it may not be necessary
to have access to a highly comprehensive set of data elements
to meaningfully improve the sensitivity of detection. Smaller
sets of mental health-related data elements, both
ICD-10-CM—code based and non—CD-10-CM—code based,
performed similarly to more comprehensive data elements in
the detection task. This finding aligns with work involving the
phenotyping of suicidal thoughts and behaviors using discharge
summaries from intensive care unit admissions in the Medical
Information Mart for Intensive Care Il (MIMIC-I11) database
and demonstrating promise of using elastic net penalized
regression to detect SITB with asfew as 11 features [46].

This study has severa limitations. The sample is limited to a
single health system in urban Los Angeles and may not
generalize to less-resourced settings. The sample was aso
restricted to oversample case positives and individual s without
missingness. Despite adjustment for selective stratification, the
study sample size remained insufficient to develop and test
separate machine learning—based model s by sociodemographic
characteristic to explore potential bias with a machine
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learning—based approach. Thetriage screening question, “Does  Conclusions

this patient have a primary psychiatric complaint or suspicion 4y en together, this study adds to existing efforts made toward
of psychiatricillness?” was used to determinethe study sample, ey el oping clinical phenotypes of pediatric health conditions.
but triage screening questions related to suicide (eg, Columbia g forward, future research is needed to refine the detection
Suicide Severity Rating Scale items) were subsequently not ¢ TR across different hedth systems and populations,
selected for inclusion from the classification models because g cigate the potential advantage of including point-of-care
questions were asked using flow sneet cascades with ahigh niversgl suicide screening tools into phenotype detection
degree of nonrandom missingness of individual items. Although algorithms, and determine whether including indicators of

commonly regarded as a gold standard for classification, the g jicje related behavior from clinical text improves detection.
manual chart review is a silver standard for truth because it 14 aehjeve better integration between clinical research
ultimately depends oninformation documentedinclinical notes ;¢ - matics and child mental health care. further work is needed
that contain the biases and idiosyncrasies of the clinica  y; teq the implementation of detection approaches at the point
documenter and may imperfectly reflect theredlity of theclinicall ¢ e and assess the potential benefits of the precise

scenario. Chief complaints were documented through an jgentification of targets for suicide prevention interventionsin
electronic health record speed button and thus may not children.

generalize to less-structured text descriptions of the presenting
problem.

Acknowledgments

The authors are grateful to the University of California, Los Angeles, Clinical and Translational Science Institute Biomedical
Informatics Program, especially Amanda Do, Masters of Public Health, and Theona Tacorda, Master of Science, for delivering
the data used in this study. The authors would also like to acknowledge Jonathan Heldt, Doctor of Medicine, for guidance on
identification of structured dataelementsfrom the electronic health record; Kristen Choi, Doctor of Philosophy, for her contribution
to coding discordant cases; and Chrislie Ponce, Bachelor of Arts, Bachelor of Science, and Liliana Perez, Bachelor of Science,
for assistance with chart abstraction. Funding was provided by the American Foundation for Suicide Prevention, the Harvey T
and Maude C Sorensen Foundation, the Brain and Behavior Research Foundation, the Thrasher Research Fund, and the National
Ingtitute of Mental Health (K23-MH130745-01). The research was also supported by a grant from the National Center for
Advancing Translational Sciences of the National Institutes of Health (UL1TR001881).

Conflictsof I nterest
None declared.

Multimedia Appendix 1

Comparison of sample-eligible children with missingness and those without missingness of diagnostic code, chief complaint,
and triage screening.
[DOCX File, 18 KB-Multimedia Appendix 1]

Multimedia Appendix 2

Study variables (structured data el ements).
[DOCX File, 18 KB-Multimedia Appendix 2]

Multimedia Appendix 3

Additional sample characteristics.
[DOCX File, 18 KB-Multimedia Appendix 3]

Multimedia Appendix 4

Laboratory testing and medications.
[DOCX File, 33 KB-Multimedia Appendix 4]

Multimedia Appendix 5

Sampling probability—adjusted performance of International Classification of Diseases, Tenth Revision, Clinical Modification
(ICD-10-CM), code and suicide-related chief complaint in detecting cases of self-injurious thoughts and behaviors compared
with that of manual chart abstraction: total sample and stratified by natal sex, age group, race, and ethnicity.

[DOCX File, 31 KB-Multimedia Appendix 5]

https://mental.jmir.org/2023/1/e47084 JMIR Ment Health 2023 | vol. 10 | 47084 | p. 14
(page number not for citation purposes)


https://jmir.org/api/download?alt_name=mental_v10i1e47084_app1.docx&filename=8bd1e47593e6ec04acd3bb3dd935b228.docx
https://jmir.org/api/download?alt_name=mental_v10i1e47084_app1.docx&filename=8bd1e47593e6ec04acd3bb3dd935b228.docx
https://jmir.org/api/download?alt_name=mental_v10i1e47084_app2.docx&filename=3ae355fc407620132212798da491172f.docx
https://jmir.org/api/download?alt_name=mental_v10i1e47084_app2.docx&filename=3ae355fc407620132212798da491172f.docx
https://jmir.org/api/download?alt_name=mental_v10i1e47084_app3.docx&filename=80ba9b948aef97f44035dab101ff577a.docx
https://jmir.org/api/download?alt_name=mental_v10i1e47084_app3.docx&filename=80ba9b948aef97f44035dab101ff577a.docx
https://jmir.org/api/download?alt_name=mental_v10i1e47084_app4.docx&filename=1d5294676236735f45e7b5fa117d25f7.docx
https://jmir.org/api/download?alt_name=mental_v10i1e47084_app4.docx&filename=1d5294676236735f45e7b5fa117d25f7.docx
https://jmir.org/api/download?alt_name=mental_v10i1e47084_app5.docx&filename=aa4c6d3ac3bbbe6571275de8e49c7366.docx
https://jmir.org/api/download?alt_name=mental_v10i1e47084_app5.docx&filename=aa4c6d3ac3bbbe6571275de8e49c7366.docx
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MENTAL HEALTH Edgcomb et al

Multimedia Appendix 6

Sampling probability—adjusted performance of International Classification of Diseases, Tenth Revision, Clinical Modification
(ICD-10-CM), code and suicide-related chief complaint in detecting cases of self-injurious thoughts and behaviors compared
with that of manual chart abstraction: stratified by Columbia Classification Algorithm of Suicide Assessment categorization.
[DOCX File, 20 KB-Multimedia Appendix 6]

Multimedia Appendix 7

Comparison of classifier performance using the McNemar chi-sguare test.
[DOCX File, 13 KB-Multimedia Appendix 7]

Multimedia Appendix 8

Fit metrics and per-fold feature importances of least absolute shrinkage and selection operator (LASSO) and random forest
classifiers.
[DOCX File, 98 KB-Multimedia Appendix 8]

References

1. Centersfor Disease Control and Prevention. 2014. URL: https.//www.cdc.gov/injury/wisgars/index.html [accessed
2023-04-01]

2. StoneD, Halland K, Bartholow B, Crosby A, Davis S, Wilkins N. Preventing suicide: atechnical package of policies,
programs, and practice. Centers for Disease Control and Prevention. 2017. URL: https.//stacks.cdc.gov/view/cdc/44275
[accessed 2022-12-19]

3. LakinGL, Smith RP, Beautrais AL. Trendsin US emergency department visits for suicide attempts, 1992-2001. Crisis
2008;29(2):73-80 [doi: 10.1027/0227-5910.29.2.73] [Medline: 18664232]

4.  BallardED, Cwik M, Van Eck K, Goldstein M, Alfes C, Wilson ME, et al. |dentification of at-risk youth by suicide screening
in apediatric emergency department. Prev Sci 2017 Feb;18(2):174-182 [FREE Full text] [doi: 10.1007/s11121-016-0717-5]
[Medline: 27678381]

5. Yard E, Radhakrishnan L, Ballesteros MF, Sheppard M, Gates A, Stein Z, et a. Emergency department visits for suspected
suicide attempts among persons aged 12-25 years before and during the COVID-19 pandemic - United States, January
2019-May 2021. MMWR Morb Mortal WKly Rep 2021 Jun 18;70(24):888-894 [FREE Full text] [doi:
10.15585/mmwr.mm7024el] [Medline: 34138833]

6. Lo CB, BridgeJA, Shi J, Ludwig L, Stanley RM. Children's mental health emergency department visits: 2007-2016.
Pediatrics 2020 Jun;145(6):€20191536 [doi: 10.1542/peds.2019-1536] [Medline: 32393605]

7. Madigan S, Korczak DJ, Vaillancourt T, Racine N, Hopkins WG, Pador P, et al. Comparison of paediatric emergency
department visits for attempted suicide, self-harm, and suicidal ideation before and during the COVID-19 pandemic: a
systematic review and meta-analysis. Lancet Psychiatry 2023 May;10(5):342-351 [FREE Full text] [doi:
10.1016/S2215-0366(23)00036-6] [Medline: 36907199]

8. DownsJ, Velupillai S, George G, Holden R, Kikoler M, Dean H, et al. Detection of suicidality in adolescents with autism
spectrum disorders: developing a natural language processing approach for use in electronic health records. AMIA Annu
Symp Proc 2018 Apr 16;2017:641-649 [FREE Full text] [Medline; 29854129]

9.  Zhong QY, Mittal LP, Nathan MD, Brown KM, Knudson Gonzélez D, Cai T, et a. Use of natural language processing in
electronic medical recordstoidentify pregnant women with suicidal behavior: towards asolution to the complex classification
problem. Eur J Epidemiol 2019 Feb;34(2):153-162 [FREE Full text] [doi: 10.1007/s10654-018-0470-0] [Medline: 30535584]

10. BertoiaML, Spalding WM, Bulik CM, Yee KS, Zhou L, Cheng H, et a. Identification of patients with suicidal ideation or
attempt in electronic health record data. Pharmacoepidemiol Drug Saf 2019;28(S2):162 [FREE Full text]

11. Shivade C, Raghavan P, Fosler-Lussier E, Embi PJ, Elhadad N, Johnson SB, et a. A review of approachesto identifying
patient phenotype cohorts using electronic health records. JAm Med Inform Assoc 2014 Mar;21(2):221-230 [FREE Full
text] [doi: 10.1136/amiagjnl-2013-001935] [Medline: 24201027]

12. Enticott J, Johnson A, Teede H. Learning health systems using datato drive healthcare improvement and impact: asystematic
review. BMC Health Serv Res 2021 Mar 05;21(1):200 [FREE Full text] [doi: 10.1186/s12913-021-06215-8] [Medline:
33663508]

13.  ZimaBT, Hurlburt MS, Knapp P, Ladd H, Tang L, Duan N, et a. Quality of publicly-funded outpatient specialty mental
health care for common childhood psychiatric disordersin California. JAm Acad Child Adolesc Psychiatry 2005
Feb;44(2):130-144 [doi: 10.1097/00004583-200502000-00005] [Medline: 15689726]

14. BganCA, Angiolillo J, Conway D, Nash R, Shirey-Rice JK, Lipworth L, et al. Mining 100 million notesto find homel essness
and adverse childhood experiences: 2 case studies of rare and severe social determinants of health in electronic health
records. JAm Med Inform Assoc 2018 Jan 01;25(1):61-71 [doi: 10.1093/jamia/ocx059] [Medline: 29016793]

https://mental .jmir.org/2023/1/e47084 JMIR Ment Health 2023 | vol. 10 | 47084 | p. 15
(page number not for citation purposes)


https://jmir.org/api/download?alt_name=mental_v10i1e47084_app6.docx&filename=329a4c1a317bea104b44f9fd0fce6948.docx
https://jmir.org/api/download?alt_name=mental_v10i1e47084_app6.docx&filename=329a4c1a317bea104b44f9fd0fce6948.docx
https://jmir.org/api/download?alt_name=mental_v10i1e47084_app7.docx&filename=f365b4259eda8ebe3eb48e4344f1f6ed.docx
https://jmir.org/api/download?alt_name=mental_v10i1e47084_app7.docx&filename=f365b4259eda8ebe3eb48e4344f1f6ed.docx
https://jmir.org/api/download?alt_name=mental_v10i1e47084_app8.docx&filename=4a6614a9ff47ee7785e29691f61f499b.docx
https://jmir.org/api/download?alt_name=mental_v10i1e47084_app8.docx&filename=4a6614a9ff47ee7785e29691f61f499b.docx
https://www.cdc.gov/injury/wisqars/index.html
https://stacks.cdc.gov/view/cdc/44275
http://dx.doi.org/10.1027/0227-5910.29.2.73
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18664232&dopt=Abstract
https://europepmc.org/abstract/MED/27678381
http://dx.doi.org/10.1007/s11121-016-0717-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27678381&dopt=Abstract
https://doi.org/10.15585/mmwr.mm7024e1
http://dx.doi.org/10.15585/mmwr.mm7024e1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34138833&dopt=Abstract
http://dx.doi.org/10.1542/peds.2019-1536
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32393605&dopt=Abstract
https://europepmc.org/abstract/MED/36907199
http://dx.doi.org/10.1016/S2215-0366(23)00036-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36907199&dopt=Abstract
https://europepmc.org/abstract/MED/29854129
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29854129&dopt=Abstract
https://europepmc.org/abstract/MED/30535584
http://dx.doi.org/10.1007/s10654-018-0470-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30535584&dopt=Abstract
https://onlinelibrary.wiley.com/doi/10.1002/pds.4864
https://europepmc.org/abstract/MED/24201027
https://europepmc.org/abstract/MED/24201027
http://dx.doi.org/10.1136/amiajnl-2013-001935
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24201027&dopt=Abstract
https://bmchealthservres.biomedcentral.com/articles/10.1186/s12913-021-06215-8
http://dx.doi.org/10.1186/s12913-021-06215-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33663508&dopt=Abstract
http://dx.doi.org/10.1097/00004583-200502000-00005
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15689726&dopt=Abstract
http://dx.doi.org/10.1093/jamia/ocx059
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29016793&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MENTAL HEALTH Edgcomb et al

15.

16.

17.

18.

19.

20.

21

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

Connoally J. ADHD phenotype agorithm. National Center for Biotechnology Information. URL : https.//www.ncbi.nlm.nih.gov/
proj ects/gap/cgi-bin/GetPdf.cgi 7 d=phd004968.1 [accessed 2022-11-30]

Depression algorithm. Phenotype Knowledgebase (PheKB). 2018. URL : https://phekb.org/phenotype/1095 [accessed
2023-04-26]

Connolly J. Anxiety algorithm. Phenotype Knowledgebase (PheK B). 2018. URL: https.//phekb.org/phenotype/1105 [accessed
2023-04-26]

Walters Jr CE, Nitin R, MargulisK, Boorom O, Gustavson DE, Bush CT, et al. Automated phenotyping tool for identifying
developmental language disorder casesin health systems data (APT-DLD): a hew research algorithm for deployment in
large-scal e electronic health record systems. J Speech Lang Hear Res 2020 Sep 15;63(9):3019-3035 [FREE Full text] [doi:
10.1044/2020 JSLHR-19-00397] [Medline: 32791019]

Lingren T, Chen B, Bochenek J, Doshi-Velez F, Manning-Courtney P, Bickel J, et a. Electronic health record based
algorithm to identify patients with autism spectrum disorder. PLoS One 2016 Jul 29;11(7):e0159621 [ FREE Full text] [doi:
10.1371/journal .pone.0159621] [Medline: 27472449]

Khare R, Kappelman MD, Samson C, Pyrzanowski J, Darwar RA, Forrest CB, And the PEDSnet Computable Phenotype
Working Group. Devel opment and eval uation of an EHR-based computabl e phenotype for identification of pediatric Crohn's
disease patients in a national pediatric learning health system. Learn Health Syst 2020 Aug 28;4(4):€10243 [FREE Full
text] [doi: 10.1002/1rh2.10243] [Medline: 33083542]

QinY, Kernan KF, Fan Z, Park HJ, Kim S, Canna SW, et a. Machine learning derivation of four computable 24-h pediatric
sepsis phenotypes to facilitate enrollment in early personalized anti-inflammatory clinical trials. Crit Care 2022 May
07;26(1):128 [FREE Full text] [doi: 10.1186/s13054-022-03977-3] [Medline: 35526000]

Phillips CA, Razzaghi H, Aglio T, McNeil MJ, Salvesen-Quinn M, Sopfe J, et al. Development and evaluation of a
computabl e phenotypeto identify pediatric patientswith leukemiaand lymphomatreated with chemotherapy using electronic
health record data. Pediatr Blood Cancer 2019 Sep;66(9):e27876 [FREE Full text] [doi: 10.1002/pbc.27876] [Medline:
31207054]

Geva A, Gronsbell JL, Cai T, Cai T, Murphy SN, Lyons JC, Pediatric Pulmonary Hypertension Network and National
Heart, Lung, and Blood I nstitute Pediatric Pulmonary Vascular Disease Outcomes Bioinformatics Clinical Coordinating
Center Investigators. A computabl e phenotype improves cohort ascertainment in apediatric pulmonary hypertension registry.
JPediatr 2017 Sep;188:224-31.€5 [FREE Full text] [doi: 10.1016/j.jpeds.2017.05.037] [Medline: 28625502]

Hedegaard H, Schoenbaum M, Claassen C, Crosby A, Holland K, Proescholdbell S. Issuesin developing a surveillance
case definition for nonfatal suicide attempt and intentional self-harm using international classification of diseases, tenth
revision, clinical modification (ICD-10-CM) coded data. Natl Health Stat Report 2018 Feb(108):1-19 [FREE Full text]
[Medline: 29616901]

Centers FDC. Emergency department surveillance of nonfatal suicide-related outcomes. Centers for Disease Control and
Prevention. 2022 Jun 09. URL: https://www.cdc.gov/suicide/programs/ed-snsro/index.html [accessed 2022-12-19]

Zwald ML, Holland KM, Annor F, Kite-Powell AK, Sumner SA, Bowen D, et al. Monitoring suicide-related events using
national syndromic surveillance program data. Online J Public Health Inform 2019 May 30;11(1):e440 [FREE Full text]
[doi: 10.5210/0jphi.v11i1.9927]

Nitin R, Shaw DM, Rocha DB, Walters Jr CE, Chabris CF, Camarata SM, et al. Association of developmental language
disorder with comorbid developmental conditions using algorithmic phenotyping. JAMA Netw Open 2022 Dec
01,5(12):62248060 [FREE Full text] [doi: 10.1001/jamanetworkopen.2022.48060] [Medline: 36580336]

vanVelzen LS, ToendersY J, Avila-Parcet A, DingaR, Rabinowitz JA, Campos Al, et a. Classification of suicidal thoughts
and behaviour in children: results from penalised | ogistic regression analysesin the adolescent brain cognitive devel opment
study. Br J Psychiatry 2022 Apr;220(4):210-218 [doi: 10.1192/bjp.2022.7] [Medline: 35135639]

Coley RY, Johnson E, Simon GE, Cruz M, Shortreed SM. Racial/ethnic disparitiesin the performance of prediction models
for death by suicide after mental health visits. JAMA Psychiatry 2021 Jul 01;78(7):726-734 [FREE Full text] [doi:
10.1001/jamapsychiatry.2021.0493] [Medline: 33909019]

Katki HA, Li Y, Edelstein DW, Castle PE. Estimating the agreement and diagnostic accuracy of two diagnostic tests when
one test is conducted on only a subsample of specimens. Stat Med 2012 Feb 28;31(5):436-448 [ FREE Full text] [doi:
10.1002/sim.4422] [Medline; 22139832]

ZimaBT, Gay JC, Rodean J, Doupnik SK, Rockhill C, Davidson A, et a. Classification system for international classification
of diseases, ninth revision, clinical modification and tenth revision pediatric mental health disorders. JAMA Pediatr 2020
Jun 01;174(6):620-622 [ FREE Full text] [doi: 10.1001/jamapediatrics.2020.0037] [Medline: 32202603]

Singh GK. Area deprivation and widening inequalities in US mortality, 1969-1998. Am J Public Health 2003
Jul;93(7):1137-1143 [doi: 10.2105/ajph.93.7.1137] [Medline: 12835199]

Posner K, Oquendo MA, Gould M, Stanley B, Davies M. Columbiaclassification algorithm of suicide assessment (C-CASA):
classification of suicidal eventsin the FDA's pediatric suicidal risk analysis of antidepressants. Am J Psychiatry 2007
Jul;164(7):1035-1043 [FREE Full text] [doi: 10.1176/ajp.2007.164.7.1035] [Medline: 17606655]

https://mental.jmir.org/2023/1/e47084 JMIR Ment Health 2023 | vol. 10 | 47084 | p. 16

(page number not for citation purposes)


https://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/GetPdf.cgi?id=phd004968.1
https://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/GetPdf.cgi?id=phd004968.1
https://phekb.org/phenotype/1095
https://phekb.org/phenotype/1105
https://europepmc.org/abstract/MED/32791019
http://dx.doi.org/10.1044/2020_JSLHR-19-00397
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32791019&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0159621
http://dx.doi.org/10.1371/journal.pone.0159621
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27472449&dopt=Abstract
https://europepmc.org/abstract/MED/33083542
https://europepmc.org/abstract/MED/33083542
http://dx.doi.org/10.1002/lrh2.10243
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33083542&dopt=Abstract
https://ccforum.biomedcentral.com/articles/10.1186/s13054-022-03977-3
http://dx.doi.org/10.1186/s13054-022-03977-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35526000&dopt=Abstract
https://europepmc.org/abstract/MED/31207054
http://dx.doi.org/10.1002/pbc.27876
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31207054&dopt=Abstract
https://europepmc.org/abstract/MED/28625502
http://dx.doi.org/10.1016/j.jpeds.2017.05.037
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28625502&dopt=Abstract
http://www.cdc.gov/nchs/data/nhsr/nhsr108.pdf
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29616901&dopt=Abstract
https://www.cdc.gov/suicide/programs/ed-snsro/index.html
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6606103/
http://dx.doi.org/10.5210/ojphi.v11i1.9927
https://europepmc.org/abstract/MED/36580336
http://dx.doi.org/10.1001/jamanetworkopen.2022.48060
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36580336&dopt=Abstract
http://dx.doi.org/10.1192/bjp.2022.7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35135639&dopt=Abstract
https://europepmc.org/abstract/MED/33909019
http://dx.doi.org/10.1001/jamapsychiatry.2021.0493
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33909019&dopt=Abstract
https://europepmc.org/abstract/MED/22139832
http://dx.doi.org/10.1002/sim.4422
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22139832&dopt=Abstract
https://europepmc.org/abstract/MED/32202603
http://dx.doi.org/10.1001/jamapediatrics.2020.0037
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32202603&dopt=Abstract
http://dx.doi.org/10.2105/ajph.93.7.1137
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=12835199&dopt=Abstract
https://europepmc.org/abstract/MED/17606655
http://dx.doi.org/10.1176/ajp.2007.164.7.1035
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17606655&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MENTAL HEALTH Edgcomb et al

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

45,

46.

Franzen M, Keller F, Brown RC, Plener PL. Emergency presentations to child and adolescent psychiatry: nonsuicidal
self-injury and suicidality. Front Psychiatry 2019 Jan 17;10:979 [ FREE Full text] [doi: 10.3389/fpsyt.2019.00979] [Medline:
32010000]

Tibshirani R. Regression shrinkage and selection viathe lasso: aretrospective. JR Stat Soc Series B Stat Methodol 2011
Jun;73(3):273-282 [FREE Full text] [doi: 10.1111/j.1467-9868.2011.00771.X]

Breiman L. Random forests. Mach Learn 2001;45(1):5-32 [EREE Full text] [doi: 10.1186/1478-7954-9-29] [Medline:
21816105]

Yang S, Varghese B, Stephenson E, Tu K, Gronsbell J. Machinelearning approachesfor electronic health records phenotyping:
amethodical review. JAm Med Inform Assoc 2023 Jan 18;30(2):367-381 [doi: 10.1093/jamia/ocac?16] [Medline: 36413056]
Zwald ML, Holland KM, Annor FB, Kite-Powell A, Sumner SA, Bowen DA, et a. Syndromic surveillance of suicidal
ideation and self-directed violence - United States, January 2017-December 2018. MMWR Morb Mortal Wkly Rep 2020
Jan 31;69(4):103-108 [EREE Full text] [doi: 10.15585/mmwr.mm6904a3] [Medline: 31999688]

Rapid health information network (RHINO). Washington State Department of Health. URL: https://doh.wa.gov/
public-health-healthcare-providers/heal thcare-prof essions-and-facilities/public-heal th-meaningful -use/rhino [accessed
2022-11-30]

Tsui FR, Shi L, Ruiz V, Ryan ND, Biernesser C, lyengar S, et al. Natural language processing and machine learning of
electronic health recordsfor prediction of first-time suicide attempts. JAMIA Open 2021 Mar 17;4(1):00ab011 [ FREE Full
text] [doi: 10.1093/jamiaopen/ooab011] [Medline: 33758800]

Walsh CG, Ribeiro JD, Franklin JC. Predicting suicide attempts in adol escents with longitudinal clinical dataand machine
learning. J Child Psychol Psychiatry 2018 Dec;59(12):1261-1270 [doi: 10.1111/jcpp.12916] [Medline: 29709069]
Carson NJ, Mullin B, Sanchez MJ, LuF, Yang K, Menezes M, et al. | dentification of suicidal behavior among psychiatrically
hospitalized adolescents using natural language processing and machine learning of electronic health records. PLoS One
2019 Feb 19;14(2):€0211116 [FREE Full text] [doi: 10.1371/journal.pone.0211116] [Medline: 30779800]

Belsher BE, Smolenski DJ, Pruitt LD, Bush NE, Beech EH, Workman DE, et al. Prediction models for suicide attempts
and deaths: a systematic review and simulation. JAMA Psychiatry 2019 Jun 01;76(6):642-651 [doi:
10.1001/jamapsychiatry.2019.0174] [Medline: 30865249]

Simon GE, Shortreed SM, Boggs JM, Clarke GN, Rossom RC, Richards JE, et a. Accuracy of ICD-10-CM encounter
diagnoses from health records for identifying self-harm events. J Am Med Inform Assoc 2022 Nov 14;29(12):2023-2031
[doi: 10.1093/jamialocacl44] [Medline: 36018725]

Velupillai S, Epstein S, Bittar A, Stephenson T, Dutta R, Downs J. Identifying suicidal adolescents from mental health
records using natural language processing. Stud Health Technol Inform 2019 Aug 21;264:413-417 [doi: 10.3233/SHT11902%4]
[Medline: 31437956]

Buckland RS, Hogan JW, Chen ES. Selection of clinical text features for classifying suicide attempts. AMIA Annu Symp
Proc 2021 Jan 25;2020:273-282 [FREE Full text] [Medline: 33936399]

Abbreviations

ADI: AreaDeprivation Index

CAMHD-CS: Child and Adolescent Mental Health Disorders Classification System
C-CASA: Columbia Classification Algorithm of Suicide Assessment

CDC: Centersfor Disease Control and Prevention

FIPS: Federal Information Processing System

ICD-10-CM: International Classification of Diseases, Tenth Revision, Clinical Modification
LASSO: least absolute shrinkage and sel ection operator

MIMIC-III: Medica Information Mart for Intensive Care 1

SITB: self-injurious thoughts and behaviors

STROBE: Strengthening the Reporting of Observational Studiesin Epidemiology

Edited by J Torous; submitted 09.03.23; peer-reviewed by S Shortreed, E Chan, D Lekkas, comments to author 18.04.23; revised
version received 11.05.23; accepted 29.05.23; published 21.07.23

Please cite as:

Edgcomb JB, Tseng CH, Pan M, Klomhaus A, Zima BT

Assessing Detection of Children With Suicide-Related Emergencies. Evaluation and Development of Computable Phenotyping
Approaches

JMIR Ment Health 2023;10:e47084

URL: https://mental.jmir.org/2023/1/e47084

doi: 10.2196/47084

PMID:

https://mental .jmir.org/2023/1/e47084 JMIR Ment Health 2023 | vol. 10 | 47084 | p. 17

RenderX

(page number not for citation purposes)


https://europepmc.org/abstract/MED/32010000
http://dx.doi.org/10.3389/fpsyt.2019.00979
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32010000&dopt=Abstract
https://watermark.silverchair.com/jrsssb_73_3_273.pdf?token=AQECAHi208BE49Ooan9kkhW_Ercy7Dm3ZL_9Cf3qfKAc485ysgAAAtgwggLUBgkqhkiG9w0BBwagggLFMIICwQIBADCCAroGCSqGSIb3DQEHATAeBglghkgBZQMEAS4wEQQM3_8EST5zVXz61SDwAgEQgIICizBDnifqyGPYuUAzbuBbrObr3j-9tNcU8LvW8N3UJdO0I1WMQXEC_2sy-O9cNly-jTc1DdYdZklyGTDdXwGSWNcxGWVjg4HmhNmvUWc_wt-UVrgS6K2L-scyTjUSbjFGIsAGLqJLvw1l10KAFBbi67_WLz7sGKOLV_XYFYGX9BGBl_EPJiVkutdNqV8T9w8bYPhkHUTkjrDMlJceEs1MyPefOKnAocvCuSdPNah0VLo2-0sCchIBDtkfbWBx3vHNgEUEclq3SpDRwh524fONymwomG2cNAlB1zLUFXb-RMYDp2tHzHUCzn_3S8Qv1nm4cpAZAASLNa2dilsad0D7ktfFG52MMV2kAIDqXh0l8Nsv2_DiJW3TFYWGH9eSp7-Mk4jeUt39ogExylNwqs3CvjEkNOxFNJrv7gsUpvX4Dv5YpOW8Y6IOXI-KB7pbd2NJn0qth0utMWoEVOjGFfBz5rW-MV3x0bO5ccm20XkqosaW-4dZg97lGOttsMCf6e5lFA4e2Lra6mxeBmSsWhRgWKY5eQFMDuMkiS6Akq2YvDzLXmJvEPyHVnXvSSQ-H229-QBSQz44CRbfKQYvHgaEc8C_4Bl_qvXBe3Rbx7qj7rjQi_vNaUqdZC0B_mvjb4oJIZhc2fy22jXabMhTa8oSRi4jYUyEYLfGO4rETadGxnhkm0g0ldIOymzWPx7XmcvlPsLmcAnYWV-IuxAwHahCBic0PO1D3wloiWBPOWhUs7ZTawZuip2VMllVI5Of6TbSn5kp9J0BleIm_0dmH2RaTnqgV7fk0hXf8hFvdbmmRZ-FwHQ01YABATke7hmg2bfFj1dyFcBPhB68OZXiHlwP5ukK9BmBjocX2fO0bg
http://dx.doi.org/10.1111/j.1467-9868.2011.00771.x
https://link.springer.com/article/10.1023/a:1010933404324
http://dx.doi.org/10.1186/1478-7954-9-29
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21816105&dopt=Abstract
http://dx.doi.org/10.1093/jamia/ocac216
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36413056&dopt=Abstract
https://doi.org/10.15585/mmwr.mm6904a3
http://dx.doi.org/10.15585/mmwr.mm6904a3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31999688&dopt=Abstract
https://doh.wa.gov/public-health-healthcare-providers/healthcare-professions-and-facilities/public-health-meaningful-use/rhino
https://doh.wa.gov/public-health-healthcare-providers/healthcare-professions-and-facilities/public-health-meaningful-use/rhino
https://europepmc.org/abstract/MED/33758800
https://europepmc.org/abstract/MED/33758800
http://dx.doi.org/10.1093/jamiaopen/ooab011
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33758800&dopt=Abstract
http://dx.doi.org/10.1111/jcpp.12916
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29709069&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0211116
http://dx.doi.org/10.1371/journal.pone.0211116
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30779800&dopt=Abstract
http://dx.doi.org/10.1001/jamapsychiatry.2019.0174
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30865249&dopt=Abstract
http://dx.doi.org/10.1093/jamia/ocac144
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36018725&dopt=Abstract
http://dx.doi.org/10.3233/SHTI190254
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31437956&dopt=Abstract
https://europepmc.org/abstract/MED/33936399
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33936399&dopt=Abstract
https://mental.jmir.org/2023/1/e47084
http://dx.doi.org/10.2196/47084
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MENTAL HEALTH Edgcomb et al

©Jduliet Beni Edgcomb, Chi-hong Tseng, Mengtong Pan, Alexandra Klomhaus, Bonnie T Zima. Originally published in IMIR
Mental Health (https://mental.jmir.org), 21.07.2023. This is an open-access article distributed under the terms of the Creative
Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and
reproduction in any medium, provided the original work, first published in IMIR Mental Health, is properly cited. The complete

bibliographic information, a link to the original publication on https://mental.jmir.org/, as well as this copyright and license
information must be included.

https://mental .jmir.org/2023/1/e47084 JMIR Ment Health 2023 | vol. 10 | 47084 | p. 18

(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

