How can we study the effects of new
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Outline
• Predicting suicidal behavior from health records data
• Pragmatic trials using randomized encouragement design

• Assessing treatment effects on suicidal behavior: Clarifying the questions
and methods
• Use of prediction models in observational studies of treatment effects on
suicidal behavior
• Use of prediction models in clinical trials evaluating treatment effects on
suicidal behavior

Prediction vs. Inference
• Inference is about generalizable knowledge:
What does this mean? What should I believe?
Interpretation is the whole point.
• Prediction is about practical and action:
What will happen? What could I do about it?
Interpretation is beside the point.

MHRN Suicide Risk Calculator Project
• Setting:

• 7 health systems (HealthPartners, Henry Ford, KP Colorado, KP Hawaii, KP
Northwest, KP Southern California, KP Washington) serving 8 million members

• Visit Sample

• Age 13 or older
• Specialty mental health visit OR primary care visit with MH diagnosis
• 20 million visits by 3 million people

• Outcomes

• Encounter for self-inflicted injury/poisoning in 90days
• Death by self-inflicted injury/poisoning in 90 days

• Predictors
•
•
•
•
•
•

Demographics (age, sex, race/ethnicity, neighborhood SES)
Mental health and substance use diagnoses (current, recent, last 5 yrs)
Mental health inpatient and emergency department utilization
Psychiatric medication dispensings (current, recent, last 5 yrs)
Co-occurring medical conditions (per Charlson index)
PHQ8 and item 9 scores (current, recent, last 5 yrs)

The math (briefly)
• Consider 200 predictors and 150 interaction effects
• Separate MH specialty and general medical visit
samples
• Separate models for suicide attempts and suicide
deaths
• Develop in 65% random sample
• Logistic regression with penalized LASSO variable selection
• Tuning with 10-fold cross-validation
• Coefficients re-calibrated with GEE to account for clustering

• Validate in “held out” 35%

Predicting suicidal behavior in 90 days after outpatient visit
MH Visits, Suicide death risk at 90 days
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Predicting suicidal behavior in 90 days after outpatient visit
Suicide attempt following MH visit

Suicide death following MH visit

Percentile
of Visits

Predicted
Risk

Actual
Risk

% of All
Attempts

Percentile
of Visits

Predicted
Risk

Actual
Risk

% of All
Attempts

>99.5th

13.0%

12.7%

10%
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12%

99th to 99.5th
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0.014%
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0.003%
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6%

Next generation of risk prediction models:
• Wider range of predictors (medical diagnoses, additional
medication classes, etc.)

• More detailed temporal encoding (monthly counts for each of
prior 60 months)
• Alternative model-fitting methods (random forest, neural net,
generalized additive models)
• Additional PRO measures (GAD, Audit, CSSRS)
• New cohorts of emergency department visits and inpatient
discharges

Pragmatic trial of population-based selective prevention programs
(funded by NIH Collaboratory)
Ongoing at four MHRN sites:
• KP Washington
• HealthPartners
• KP Colorado
• KP Northwest

18,887 enrolled
Results expected in early 2020

Randomized encouragement design
(aka Modified Zelen design)
• Eligible participants identified automatically from real-time records
(in this case, by response to PHQ9)
• Everyone eligible randomized to usual care or to offer of intervention
• Those assigned to usual care are never contacted

• Those assigned to intervention are encouraged to participate, but can refuse or
discontinue
• Outcomes ascertained from health system records

• Analysis by intent-to-treat, regardless of intervention uptake or participation

Randomized encouragement design is
appropriate when:
• We are asking a practical question about practice or policy
(“What should we do?” rather than “What should we believe?”)
• Varying uptake or adherence is feature, rather than a bug

• Outcomes can be ascertained from health system records

Effects of new treatments on suicidal behavior:
Different questions for different stakeholders
• Regulators (causal): Can the manufacturer make a claim
regarding prevention of suicidal behavior?
• Clinicians (clinical): Should I recommend or prescribe this new
treatment for my patients at high risk of suicidal behavior?
• Payers and Health Systems (policy): Should coverage or
guidelines restrict or encourage use of this new treatment?

Treatment effects on suicidal behavior:
Different counter-factuals for different questions
• Regulators (causal): Comparison to placebo
• Clinicians (clinical): Comparison to alternative treatment choice
• Payers and Health Systems (policy): Comparison to alternative policy

Traditional placebo-controlled clinical trial:
• Not feasible: Detecting reduction in risk from 5% to 3%
would require a total sample of over 3,000
• Not ethical: Would require randomly assigning high-risk
patients to placebo and allowing suicidal behavior to occur
So regulatory decisions will likely rely on indirect evidence.

Randomized trial comparing alternative treatments:
• Practically challenging: Would need to identify/recruit/randomize
at the point of care across a very large population.
• Ethically challenging: Patients and clinicians would have to accept
random assignment about a choice they may have already made.
So we may have to rely on observational comparisons.

Pragmatic trial of alternative policies:
• Randomized encouragement design
• Analyze by original assignment

• Effects diluted by “non-compliers”
So we’d need large sample and high “compliance” rate.

Two uses for risk prediction models
• Reducing bias in observational comparisons of treatments
• Enriching samples in clinical trials comparing practices or policies

Observational comparison of treatments
• Easy
• Identifying exposure to new treatment of interest
• Estimating/predicting risk at any time point

• Identifying outcomes of interest (suicidal behavior, hospitalization)
• Hard:
• Defining and identifying the comparison group or counterfactual
• Balancing precision and bias when we want an early answer

New design alternatives

Using prediction models to enrich clinical trial samples:
Two new questions
• Setting a threshold or cut-point

• Considering heterogeneity of treatment effects

Using prediction models to enrich clinical trial samples:
Setting a threshold or cut-point
Suicide attempt following MH visit
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• 10.4% event rate
• But only 1% of MH specialty patients
OR

95th percentile
• 5.4% event rate
• 5% of MH specialty patients

Using prediction models to enrich clinical trial samples:
Heterogeneity of treatment effects

Clinical risk
Most of what we know is here
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