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Talk Structure

Setting the challenge
Current efforts
Ongoing challenges

Roadmap ahead
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Figure 2. Suicide and homicide death rates among people aged 10-14: United States, 2001-2021
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Suicide is a
leading cause

One quarter of young people
who die, die from suicide
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U.S. adults
CYADREIEYE
that suicide
can be
prevented at
least
sometimes.

“Are you
thinking

about killing
yourself?”

988

SUICIDE
& CRISIS

LIFELINE

/ National Institute
‘ of Mental Health

@ Action Steps for Helping Someone in Emotional Pain

® 0 ® O

BE THERE

Listen carefully
and acknowledge
their feelings.

STAY
CONNECTED
Follow up and

stay in touch
after a crisis.

nimh.nih.gov/suicideprevention
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THE SOCIOECOLOGICAL MODEL OF
SUICIDE PREVENTION

individual

Action 1. Activate a broad-based public health response to
suicide
1.2 Empower every individual and organization to play a role
in suicide prevention

Maryland Department of Health Office of Suicide Prevention
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Pathways to
preventing svicide

in children difrer
rom adults
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Most young
people who die
by suicide have

had a recent
health care
VISIt

One in three (42%) young
people who dies of suicide
had a health care visit in the
month before death

and nearly nine in ten (88%) had a visit within the prior year

Braciszewski et al (2023) Health Diagnoses and Service Utilization in the Year Before Youth and Young Adult Suicide. Psychiatric Services



How do we maximize the chance that
providers will deliver evidence-based
Challenge care that has the highest chance of
reducing risk of suicide?




Personalized
medicine:
moving from

risk prediction
to patient-
centered care




Each health
care visit

generates
data




Does that

data help the
patient?




Fundamental

theorem of
informatics




Helpful

guidance or
harm?
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Five Rights

Right Information
Right Person
Right Format
Right Channel
Right Time



Decision
support:

already in your
search engine

Google

suicide prevention
Images News Videos Shopping Books Maps

About 716,000,000 results (0.41seconds)

Help is available

Speak with someone today

988 Suicide and Crisis Lifeline
Hours: Available 24 hours. Languages: English, Spanish. Learn more

088

¥, call B Chat @ official Website

SMS: 988

Connect with people you trust

From International Association for Suicide Prevention - Learn more

X & Q

Flights Finance

Feedback

If you're struggling, it's okay to share your feelings. To start, you could copy one of these pre-written

messages and send it to a trusted contact.

Reach out Contact a loved one

When you get a chance | don’t want to die, but |
can you contact me? | don't know how to live.
feel really alone and Talking with you may help
suicidal, and could use me feel safe. Are you free
some support. to talk?

For informational purposes only. Consult your local medical authority for advice.

Express your feelings

This is really hard for me
to say but I'm having
painful thoughts and ’ N
might help to talk. Are
you free?

Feedback
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Current efforts

Talk Structure




Mental Health Service Use Before and After a Suicidal Crisis Among Children and Adolescents
In a United States National Medicaid Sample (Doupnik, Academic Pediatrics, 2021)

Examined Medicaid data from >90,000 ED visits

Less than 50% of children (6 to 17) who are seen in the ED for a mental
health crisis and discharged receive mental health follow-up within 30
days.

If a child was not seen by a mental health provider 30 days prior to the ED
visit, their chances of a new mental follow-up 30 days later was only
25%

Bottom line: Children with mental health emergencies are unlikely to connect with specialty care.



Prevalence and Correlates of Suicide and Nonsuicidal Self-Injury in Children — A Systematic
Review and Meta-analysis (Liu, JAMA Psychiatry, 2022)

Reviewed 58 studies with over 626 million children
Focused on preadolescent children (<13)

Preadolescents experience suicidal thoughts (15.12%), suicide attempts
(2.6%), and nonsuicidal self-injury (6.2%)

Male children were more likely to have SITBs in pre-adolescence
compared with adolescence.

ADHD and depression emerged as strongest correlates of self-injurious
thoughts and behaviors

Bottom line: Children experience self-injurious thoughts and
behaviors, and risk factors differ between children and teens



Issues in 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 (Hedegaard, National Health Statistics
Reports, 2018)

Technical Notes

ICD-9-CM and ICD-10-CM codes for suicide and self-inflicted injury
The ICD-9-CM and ICD-10-CM codes for suicide and self-inflicted injury are detailed in Tables I and II, respectively.

Table 1. ICD-9-CM codes for suicide and self-inflicted injury

Code Description
E950.0 Suicide and self-inflicted poisoning by analgesics, antipyretics, and antirheumatics
E950.1 Suicide and self-inflicted poisoning by barbiturates
E950.2 Suicide and self-inflicted poisoning by other sedatives and hypnotics
E950.3 Suicide and self-inflicted poisoning by tranquilizers and other psychotropic agents
E950.4 Suicide and self-inflicted poisoning by other specified drugs and medicinal substances
E950.5 Suicide and self-inflicted poisoning by unspecified drug or medicinal substance
E950.6 Suicide and self-inflicted poisoning by agricultural and horticultural chemical and pharmaceutical preparations other than
plant foods and fertilizers
E950.7 Suicide and self-inflicted poisoning by corrosive and caustic substances
E950.8 Suicide and self-inflicted poisoning by arsenic and its compounds
E950.9 Suicide and self-inflicted poisoning by other and unspecified solid and liquid substances
E951.0 Suicide and self-inflicted poisoning by gas distributed by pipeline
E951.1 Suicide and self-inflicted poisoning by liquefied petroleum gas distributed in mobile containers
E951.8 Suicide and self-inflicted poisoning by other utility gas

Bottom line: Diagnostic and billing codes are assigned during each medical visit, but there are several reasons
these codes may not reflect all visits for suicide and self-harm



Accuracy of ICD-10-CM encounter diagnoses from health records for identifying self-
harm events (Simon, JAMIA, 2022)

Assessment of accuracy of ICD-10-CM codes to identify self-harm events
and poisonings

Individuals with frequent suicidal ideation and an injury event

Blinded review of full-text clinical records found documentation of self-
harm intent in 254 (89.1%) of those originally coded as self-harm, 24
(28.2%) of those coded as undetermined, 24 (7.9%) of those coded as
accidental, and 48 (11.0%) of those without coding of intent.

Bottom line: Among persons with frequent suicidal ideation and an
injury, most receive a self-harm related code



Suicidal and Self-harm Presentations to Emergency Departments: The Challenges of Identification through
Diagnostic Codes and Presenting Complaints (Sveticic, Health Information Management Journal, 2019)

Australian study of 2540 mental health ED visits among adults

|ICD codes had very low sensitivity in detecting suicide attempts (18.7%),
NSSI (38.5%), and suicidal ideation (42.3%)

Bias: ICD codes detected higher percentage of Indigenous persons and
NSSI among female presenters

Bottom line: Suicide and self-harm presentations may be
undercounted in ED datasets and should be ‘used with caution’



_ Development of phenotype algorithms using electronic medical
Liao et al (2015) records and incorporating natural language processing

Katherine P Liao,"? Tianxi Cai,> Guergana K Savova,* Shawn N Murphy,” Elizabeth W Karlson,' 2
Ashwin N Ananthakrishnan,® Vivian S Gainer,” Stanley Y Shaw,?8 Zonggqi Xia,?? Peter Szolovits,'°
Susanne Churchill,2 Isaac Kohane?>

Structured data

| 456812 58

F 1 0 0

I 874632 62 F 0 0 0

Visit notes 864172 23 M 0 0 1
Signs and symptoms

991374 65 M 1 1 1

Family history

Social history (for
example, smoking
status)

Radiology reports
(for example, bone
erosions)

Discharge summary

Unstructured data

Bottom Line: Phenotype algorithms use EHR data to detect patients with specific diseases and outcomes



Machine
Learning: A
useful tool for
detection

problems
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Diagram from Alina Tabish, Medium
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Emergencies: Evaluation and Development of Computable
Phenotyping Approaches
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Child Suicidality EHR
Phenotyping (CSEP) Study

How might detection of SITB in
children be more accurate and
equitable?

Image sources: Analytics Vidhya, Getty Images, UCD Dept of Pathology

Who is being missed?

(and why?)

Longer term: How do we adapt
informatics (research methods and
clinical tools) for child mental health?

l

Shorter term: What does improved
detection mean for prediction and
prevention of suicide?




Compared detection
1. ‘Gold standard’ manual chart review

2. Existing methods
|ICD-10-CM related to suicide
Chief complaint related to suicide

3. Structured data classifiers
|ICD-based (suicide, any MH)
Non-ICD-based (e.g., meds, labs)
All data elements



Gold Standard:

Columbia Classification Algorithm of Suicide Assessment (C-
CASA): Classification of Suicidal Events in the FDA’s Pediatric

Suicidal Risk Analysis of Antidepressants Suicidal Ideation

Severity
A
ED Visit Suicide Death
Notes
Suicide Attempt |
Preparatory Acts

Kelly Posner, Ph.D., Maria A. Oquendo, M.D., Madelyn Gould, Ph.D., M.P.H., Barbara

Stanley, Ph.D., and Mark Davies, M.P.H. Non-suicidal self-i njiu ry

Other
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Key findings:
* ICD-10-CM codes and chief complaint were imperfect at detecting children with suicide-related visits.
* Machine learning-based approaches were more sensitive.

* *Not all children were detected equally — boys and younger children (10-12) were less likely to be detected correctly



Study expansion

Who is being missed?
(and why?)

Child Suicidality EHR
Phenotyping (CSEP)
Study

N=3,000
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Suicide or self-injury

Tree Map of ED Visit Diagnoses for Children (6-12 years old)
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Depressive disorders

Tree Map of ED Visit Diagnoses for Adolescents (13-17 years old)

Suicide or self-injury
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Comparing classifiers

(1) ICD-10-CM and chief complaint (2) All structured data elements

Existing standard ML-based approach

Sample is 2702 MH-related ED visits by unique children 6-17yo.

Random forest, nested 10-fold cross-validation with grid search for
hyperparameter optimization, implemented in Python Scikit-learn.
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Preliminary

Children Data N e
Ages 6-12 J)/
.’ Bottom Line:
. = Everyone: AUC = 0.84
e asc o Existing methods imperfectly
0.0 . . e detect youth with suicide-related
0.0 0.2 0.4 0.6 0.8 1.0

ED visits, and some youth are at
high risk of being missed.
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|dentification of suicidal behavior

among psychiatrically hospitalized Identifying suicidal adolescents
adolescents using natural language from mental health records using

processing and machine learning of _
electronic health records (Carson, natural language processing
PloS ONE, 2019) (Velupillai, Studies in Health

Technology Informatics, 2019)

Do clinical

notes help
detection?

Improving

ﬁif:;” and e o ascertainment of
|
: s suicidal ideation and
Using weak supervision gy of the suicide attempt with
i physical e

alnd C_Ifeepl_lrf_an?mgtto ¢ examination i >Note from visit natural |anguage
_C ass[ y € I_ ICal NOTES Tor Assessment, - processing (Bejanl
identification of current  diagnosis, o wos Scientific Report
suicidal ideation (Cusick, —2efemededed | : e [N
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JAD Reports, 2021) ] )
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} Short note
Nygren, 1992

Bottom Line: Notes likely help with detection, yes, but challenges remain,
and head-to-head comparisons of new and existing methods are scarce.




Detection of Self-harm and Suicidal Ideation in Emergency Department Triage Notes
(Rozova, JAMIA, 2021)

Aimed to develop an automated system for detection of self-harm
presentations directly from ED triage notes

Used Natural Language Processing from 477k free-text notes

A Original text Prediction probabilities ~ Control Self-harm
overdose
pt brougth in my mental health team  Control -0.94 10
for suspected overdose of meds Self-harm l:0.0G "‘:::
(lives in adion park) multiple blisters i
missing from webster pack, pt low o
mood at triage, cooperative "';"l
o0
- - - m
Processed text with highlighted words
pt brougth mental health team suspected [l meds lives arion park multiple blisters
missing webster pack pt low mood triage cooperative
B Original text Prediction probabilities ~ Control Self-harm
tablets
Took approx 20 panadiene forte Control _:]0.73 013
tablets sometime this am unable to  ggjf-harm B o2 ‘?‘2
give a time, feeling depressed hictent
reluctant to speak at triage, tachy 007
130bpm approx
006
unable
Processed text with highlighted words o
88K approx panadeine forte [l unable time feeling depressed reluctant speak triage
tachy bpm

Figure 5. (A, B) lllustration of triage notes annotated as SH and misclassified as Controls (false negatives). The bars on the left show the predicted probability of
each class. Horizontal bar plot provides the weights of five most important features. On the bottom, these words are highlighted in the text.

Bottom line: Machine learning ‘dramatically’ outperformed keyword-based searches
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Stacked deck: Algorithmic fairness

Moving target: Childhood development

Challenges

Leaky pipeline: Good software # good care

Slippery slope: Ethics of health data use




Algorithmic

Fairness
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Leaky Pipeline




Slippery Slope
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Roadmap ahead







Adaptible medical
record software

Flex appearance of medical
record to providers and
patients

Delivery of guidance directly
to patients (portals)

Opportunity for patients to
correct and add information







Data from the real-world

Health data from outside of
the health setting

Smartphone and digital
trace data

Social media

Internet browser and
search data

Thinking beyond doctor-
patient

Nursing interventions

Involuntary mental
health detainment
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* Suicide is a highly prevalent condition for personalized
medicine offers hope

* Clinical decision support may bolster person-centered
care by delivering personalized recommendations to
patients and providers

IELGEVENE

- Detection of need may be inaccurate or biased, and
children are a moving target with special
considerations

- Better detection of healthcare visits related to suicide
refines precision and capacity to intervene early
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