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Abstract

Objective—Develop and validate models using electronic health records to predict suicide
attempt and suicide death following an outpatient visit.

Methods—Across seven health systems, 2,960,929 patients aged 13 or older (mean age 46, 62%
female) made 10,275,853 specialty mental health visits and 9,685,206 primary care visits with
mental health diagnoses between 1/1/2009 and 6/30/2015. Health system records and state death
certificate data identified suicide attempts (n=24,133) and suicide deaths (n=1240) over 90 days
following each visit. Potential predictors included 313 demographic and clinical characteristics
extracted from records for up to five years prior to each visit: prior suicide attempts, mental health
and substance use diagnoses, medical diagnoses, psychiatric medications dispensed, inpatient or
emergency department care, and routinely administered PHQ-9 depression questionnaires.
Logistic regression models predicting suicide attempt and death were developed using penalized
LASSO variable selection in a random 65% sample of visits and validated in the remaining 35%.

Results—Mental health specialty visits with risk scores in the top 5% accounted for 43% of
subsequent suicide attempts and 48% of suicide deaths. Of patients scoring in the top 5%, 5.4%
attempted suicide and 0.26% died by suicide within 90 days. C-statistics (equivalent to AUC) for
prediction of suicide attempt and suicide death were 0.851 (95% CI 0.848 to 0.853) and 0.861
(95% C1 0.848 to 0.875). Primary care visits with scores in the top 5% accounted for 48% of
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subsequent suicide attempts and 43% of suicide deaths. C-statistics for prediction of suicide
attempt and suicide death were 0.853 (95% CI 0.849 to 0.857) and 0.833 (95% CI 0.813 to 0.853).

Conclusions—Prediction models incorporating both health records data and responses to self-
report questionnaires substantially outperform existing suicide risk prediction tools.

Suicide accounted for almost 45,000 deaths in the United States in 2016, a 25% increase
since 2000, Non-fatal suicide attempts account for almost 500,000 emergency department
visits annually2. Half of people dying by suicide and two-thirds of people surviving suicide
attempts received some mental health diagnosis or treatment during the prior year34,
Mindful of those prevention opportunities, a Joint Commission Sentinel Event Alert now
recommends detection of suicide risk across health care®. Unfortunately, traditional clinical
detection of suicide risk is hardly better than chance®.

We have previously reported that brief depression questionnaires can accurately predict
suicide attempt or death’. Outpatients reporting thoughts of death or self-harm “nearly every
day” on item 9 of the Patient Health Questionnaire (PHQ-9) are seven times as likely to
attempt suicide and six times as likely to die by suicide over the following 90 days compared
to patients reporting such thoughts “not at all”’. Sensitivity of this tool, however, is only
moderate. One-third of suicide attempts and deaths occur among patients reporting suicidal
ideation “not at all”. Accurate identification of high risk is also only moderate. The 6% of
patients reporting suicidal ideation “more than half the days” or “nearly every day” account
for only 35% of suicide attempts and deaths. More accurate tools for identifying both low
and high risk patients are needed.

Recent research has used various modeling methods to predict suicidal behavior from
electronic health records (EHRSs). Examples include prediction of suicide death among
Veterans Administration service users®, prediction of suicide death following psychiatric
hospitalization among Army soldiers®, distinguishing patients attempting suicide from those
with other injuries or poisonings?, and prediction of suicide or accidental death following
civilian general hospital dischargell. Two recent analyses have used health records data to
predict suicide attempt or suicide death following outpatient visits. Kessler and colleagues!?
used health records and military service records to predict suicide death among US Army
soldiers in the 26 weeks following a mental health visit. Approximately one quarter of
suicide deaths occurred after the 5% of visits rated as highest risk. Barak-Corren and
colleagues!3 used health records data to predict suicide attempt or death over outpatients
making three or more visits in two large academic health systems. One-third of suicide
attempts and deaths occurred in the 5% of patients with highest risk scores.

Here we combine data typically available from EHRs with depression questionnaire data in
seven large health systems to develop and validate models predicting suicide attempt and
suicide death over 90 days following a mental health or primary care visit.

METHODS

The seven health systems participating in this research (HealthPartners; Henry Ford Health
System; and the Colorado, Hawaii, Northwest, Southern California and Washington regions
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of Kaiser Permanente) serve a combined population of approximately eight million members
in nine states. Each system provides insurance coverage and comprehensive health care
(including general medical and specialty mental health care) to a defined population enrolled
through employer-sponsored insurance, individual insurance, capitated Medicaid or
Medicare, and subsidized low-income programs. Members are representative of each
system’s service area in age, race/ethnicity, and socioeconomic status. All systems
recommend using the PHQ-9 at mental health visits and primary care visits for depression,
but implementation varied across systems during the study period.

As members of the Mental Health Research Network, each health system maintains a
research data warehouse following the Health Care Systems Research Network Virtual Data
Warehouse model4. This resource combines data from insurance enrollment records, EHRs,
insurance claims, pharmacy dispensings, state mortality records, and census-derived
neighborhood characteristics. Responsible institutional review boards for each health system
approved use of these de-identified data for this research.

The study sample included any outpatient visit by a member aged 13 or older either to a
specialty mental health clinic or to a primary care clinic when a mental health diagnosis was
recorded. Sampling was limited to visits to health system clinics (to ensure availability of
EHR data) and people insured by the health system’s insurance plan (to ensure availability
of insurance claims data). All qualifying visits from 1/1/2009 through 6/30/2015 were
included, except at Henry Ford where only visits after implementation of a new EHR system
(12/1/2012) were included.

Potential predictors extracted from health system records for up to five years prior to each
visit included: demographic characteristics (age, sex, race, ethnicity, source of insurance,
and neighborhood income and educational attainment), current and past mental health and
substance use diagnoses (organized in 12 categories), past suicide attempts, other past injury
or poisoning diagnoses, dispensed prescriptions for mental health medication (organized in
four categories), past inpatient or emergency department mental health care, general medical
diagnoses (by Charlson Comorbidity Index® categories), and recorded scores on the PHQ-9
questionnaire® (including total scores and item 9 scores).

Potential predictors were represented as dichotomous indicators. Each diagnosis category
was represented by three overlapping indicators (recorded at or within 90 days prior to the
visit, recorded within one year prior, and recorded within five years prior). Each category of
medication or emergency/inpatient utilization was represented by three overlapping
indicators (occurred within 90 days prior to the visit, one year prior, or any time prior). To
represent temporal patterns of prior PHQ-9 item 9 scores, 24 indicators were calculated for
each encounter to represent number of observations, maximum value, and modal value
(including value of missing) during three overlapping time periods (previous 90 days,
previous 183 days, and previous 365 days). The final set of potential predictors for each
encounter included 149 indicators and 164 possible interactions (see Appendix 9a for
complete list).
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Diagnoses of self-harm or probable suicide attempt were ascertained from all injury or
poisoning diagnoses recorded in EHRs and insurance claims accompanied by an ICD-9
cause of injury code indicating intentional self-harm (E950-E958) or undetermined intent
(E980-E989). Data from these health systems during the study period indicate that inclusion
of injuries and poisonings with undetermined intent increases ascertainment of probable
suicide attempts by approximately 25%/ (see also Appendix 4). While use of E-codes varied
across the US during the study period!’, participating health systems were selected for high
and consistent rates of E-code use (Appendix 1). Records review’ also supports the positive
predictive value of this definition for identification of true self-harm in these health systems
(see also Appendix 2). Furthermore, observation of coding changes across the transition
from 1CD-9 to the more specific ICD-10 coding scheme indicate that most “undetermined”
ICD-9 diagnoses actually reflect self-harm18 (see also Appendix 3). Ascertainment of
suicide attempts was censored at health system disenrollment, after which insurance claims
data regarding self-harm diagnoses at external facilities would not be available.

Suicide deaths were ascertained from state mortality records. Following common
recommendations1920 all deaths with an ICD-10 diagnosis of self-inflicted injury (X60-
X84) or injury/poisoning with undetermined intent (Y10-Y34) were considered probable
suicide deaths. Inclusion of injury and poisoning deaths with undetermined intent increases
ascertainment of probably suicide deaths by 5-10%/ (see also Appendix 4).

All predictor and outcome variables were completely specified and calculated prior to model
training.

Prediction models were developed separately for mental health specialty and primary care
visits, with a 65% random sample of each used for model training and 35% set aside for
validation. Models included multiple visits per person in order to accurately represent
changes in risk within patients over time. For each visit, analyses considered any outcome in
the following 90 days, regardless of a subsequent visit in between. This approach uses all
data available at the time of the index visit, but avoids informative or biased censoring
related to timing of visits following the index date. In the initial variable selection step,
separate models predicting risk of suicide attempt and suicide death were estimated using
logistic regression with penalized LASSO variable selection?!. The LASSO penalization
factor selects important predictors by shrinking coefficients for weaker predictors toward
zero, excluding predictors with estimated zero coefficients from the final sparse prediction
model. To avoid over-fitting models to idiosyncratic relationships in the training samples,
variable selection used 10-fold cross-validation?? to select the optimal level of tuning or
penalization, measured by the Bayesian Information CriterionZ3. In the second calibration
step, generalized estimating equations with a logistic link re-estimated coefficients in the
training sample, accounting for both clustering of visits under patients and bias toward the
null in LASSO coefficients. In the final validation step, logistic models derived from the
above two-step process were applied in the 35% validation sample to calculate predicted
probabilities for each visit. Results are reported as receiver operating characteristic (ROC)
curves?4 with c-statistics2526 along with predicted and observed rates in pre-specified strata
of predicted probability. Over-fitting was evaluated by comparing classification performance
and in training and validation samples and by comparing predicted risk to observed risk in
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the validation sample. Variable selection analyses were conducted using the GLMNET? and
Foreach?8 packages for R statistical software, version 3.4.0. Confidence intervals for c-
statistics were calculated via bootstrap with 10,000 replications.

A public repository (www.github.com/MHResearchNetwork) includes: specifications and
code for defining predictor and outcome variables, a data dictionary and descriptive statistics
for analytic datasets, code for variable selection and calibration steps, coefficients and
confidence limits from all final models, and comparison of model performance in training
and validation samples.

RESULTS

We identified 19,961,059 eligible visits by 2,960,929 patients during the study period,
including 10,275,853 mental health specialty visits and 9,685,206 primary care visits with
mental health diagnoses (Table 1). Following the specifications above, health system records
identified 24,133 unique probable suicide attempts within 90 days of an eligible visit, and
state mortality records identified 1240 unique suicide deaths within 90 days.

Models predicting probable suicide attempt over 90 days were developed and validated for
both mental health and primary care visits, excluding 0.3% of visits because of
disenrollment within 90 days. Clinical variables with the largest positive prediction
coefficients are shown in the left portion of Table 2 (see Appendices 9b and 9c for all
selected predictors and coefficients). Strongest predictors of suicide attempt were similar in
mental health specialty and primary care patients: prior suicide attempt, mental health and
substance use diagnoses, responses to PHQ-9 item 9, and prior inpatient or emergency
mental health care.

The left portion of Figure 1 shows ROC curves illustrating sensitivity and specificity of
suicide attempt predictions in training and validation samples. C-statistics (equivalent to
AUC or area under the ROC curve) for prediction of suicide attempt in the validation
samples were 0.851 (95% CI 0.848 to 0.853) for mental health specialty visits and 0.853
(95% C1 0.849 to 0.857) for primary care. In each graph, comparison of ROC curves shows
no appreciable difference in prediction accuracy between the training and validation samples
(i.e. no evidence for model over-fitting). Table 3 compares predicted to observed risk for
specific strata selected a priori. Among mental health specialty visits, the lowest two strata
included 75% of all visits and 21% of all suicide attempts, while the highest three strata
included 5% of visits and 43% of suicide attempts. Among primary care visits, the 75% of
visits with lowest risk scores accounted for 21% of suicide attempts, while the 5% of visits
with highest scores accounted for 48%. Comparison of predicted risk levels in the training
sample and observed risk levels in the validation sample again shows no appreciable decline
in model performance or evidence for model over-fitting. Sensitivity analyses limited to
diagnoses of definite self-harm slightly improved prediction accuracy (especially among
primary care patients) but excluded approximately 25% of probable suicide attempts
(Appendix 4). Sensitivity analyses limited to visits preceded by at least 5 years of complete
data yielded essentially identical prediction accuracy (Appendix 5). Model fit was consistent
across the seven participating health systems and across age and sex subgroups (Appendix 8)
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The same process was implemented for prediction of suicide deaths over 90 days, with
separate models for mental health specialty and primary care visits. Clinical variables most
strongly associated with suicide death in each group are shown in Table 2 (see Appendices
9d and 9e for complete list). Predictors of suicide death were similar in mental health
specialty and primary care patients, and were similar to predictors of suicide attempt.

The right portion of Figure 1 shows ROC curves for prediction of suicide death in training
and validation samples. C-statistics for prediction of suicide death in the validation samples
were 0.861 (95% CI 0.848 to 0.875) for mental health specialty visits and 0.833 (95% CI
0.813 to 0.853) for primary care. Comparison of ROC curves for the training and validation
samples shows no evidence of over-fitting in the mental health specialty sample and a
minimal separation of training and validation curves in the primary care sample. The right
portion of Table 3 compares predicted to observed risk for risk strata selected a priori.
Among mental health specialty visits, the lowest two risk strata included 75% of visits and
19% of suicide deaths, while the highest three risk strata included 5% of visits and 48% of
suicide deaths. Among primary care visits, the 75% of visits with lowest risk scores
accounted for 25% of suicide deaths, while 5% of visits with highest scores accounted for
43%. Comparison of predicted risk levels in the training sample and observed risk levels in
the validation sample shows no evidence for over-fitting in the primary care sample and a
minimal fall-off between training and validation samples in the primary care sample.
Sensitivity analyses limited to deaths coded as due to definite self-inflicted injury or
poisoning found no meaningful difference in model fit (Appendix 4).

Table 4 displays sensitivity, specificity, positive predictive value (PPV), and negative
predictive value for all four models at cut-points defined by percentiles of the risk score
distribution.

DISCUSSION

In a sample of 20 million visits by 3 million patients in seven health systems, data from
EHRs accurately stratified mental health specialty and primary care visits according to short-
term risk of suicide attempt or suicide death. Observed rates of probable suicide attempt and
suicide death were over 200 times as high following visits in the highest 1% compared to
visits in the bottom half of predicted risk (Table 3). Strongest predictors included mental
health diagnoses, substance use diagnoses, use of mental health emergency and inpatient
care, and history of self-harm. Absolute risk was lower in primary care, but predictors
selected and accuracy of prediction were similar across care settings. Responses to PHQ-9
questionnaires were selected as important predictors, even though such data were available
for only 15% of visits.

Potential Limitations

In interpreting these findings, we should consider both false positive and false negative
errors in the ascertainment of probable suicide attempts and deaths. Previous research
suggests false positive rates near zero for suicide deaths diagnosed by medical examiners2?
and below 10-20% for diagnoses of definite or possible self-inflicted injury in records from
these health systems’ (also see Appendix 2). Diagnostic data do not distinguish between
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self-harm with and without intent to die. Consequently, our definition of probable suicide
attempt may include a small proportion of self-harm episodes without suicidal intent. False
negative errors may be more common. Up to one quarter of suicide deaths may not be
identified by medical examinersl9. Health system records will not capture suicide attempts
when people do not seek care or when providers do not recognize and record diagnoses of
self-harm. Non-specific error (either false positive or false negative) would lead to under-
estimating the accuracy of prediction models (see appendix 4), while selective error in the
wrong direction (e.g. under-ascertainment of suicide attempts in patients with low risk
scores) could lead to over-estimation of model performance.

Health system records do not reflect important social risk factors for suicidal behavior, such
as job loss, bereavement, or relationship disruption. Suicidal behavior likely reflects the
intersection of clinical risk factors, negative life events, and access to means of self-harm.
Data regarding those social risk factors would certainly improve accuracy of prediction.

Our analyses do not consider the one-third to one half of people attempting suicide or dying
by suicide who have no recent mental health treatment or recorded diagnosis34:33,
Prediction using EHR data might also prove useful among patients without recorded mental
health diagnoses, but prediction models would necessarily be limited to general medical
diagnoses and utilization rather than the mental health diagnoses and treatments selected in
this sample.

Methodologic Considerations

We focus on risk over 90 days following an outpatient visit. Risk does vary between visits2®,
and near-term risk is most relevant to clinical decisions and quality improvement30. The
interventions that providers or health systems might provide for high-risk patients would
typically be delivered over weeks or months3132, Predictors selected in these models (Table
2) include both recent or short-term factors and long-term factors, consistent with previous
research’-2% indicating that suicidal behavior is influenced by both stable and variable risk
factors. Sensitivity analyses using a 30-day outcome window (Appendix 7) yielded similar
results regarding both predictors selected and accuracy of prediction. Analyses regarding
longer-term risk might identify different predictors of suicidal behavior.

Of predictive modeling methods, parametric methods like LASSO lie closest to traditional
regression. Non-parametric methods3# such as random forest could theoretically improve
accuracy of prediction. Direct comparisons to datel2:35 however, have found equal or
superior prediction using parametric methods similar to those used here. Non-parametric
methods may have little advantage when predictors are dichotomous, such as the diagnosis
and utilization indicators included in our models. Parametric models are usually more
transparent to clinicians3® and simpler to implement in EHRs, as is now underway in these
health systems and the Veterans Health Administration3°.

Variable selection models are subject to over-fitting or selection of predictive relationships
idiosyncratic to a specific sample. The large sample used for training of these models offers
some protection against over-fitting. In addition, we present explicit comparisons of
performance in the training and randomly selected validation samples for all four models
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(Table 3 and Figure 1), finding no indication of over-fitting in prediction of suicide attempts
or prediction of suicide deaths following mental health specialty visits. We do find a slight
indication of over-fitting in prediction of suicide deaths following primary care visits, likely
reflecting the smaller number of events included in these models. Nevertheless, overall
accuracy of prediction (c-statistic) in the independent validation sample still exceeds 80%.

In addition to evaluating over-fitting within this sample, we should consider generalizability
to other care settings or patient populations. This sample included almost 20 million visits in
seven health systems serving patients in nine states — including states with high and low
rates of suicide mortality. Patients were broadly representative of those service areas in race/
ethnicity, socioeconomic status, and source of insurance coverage — including substantial
numbers insured by Medicare and Medicaid. Methods could be easily transported to health
systems with standard electronic health records and insurance claims databases. Predicted
risk levels, however, could be over- or under-estimated in settings with higher or lower
average risk of suicidal behavior. Predictors selected and accuracy of prediction could differ
in settings with different patterns of mental health care, especially if patterns of diagnosis or
utilization are less closely linked to risk of suicidal behavior. Intervention of effective
suicide prevention programs could also weaken the relationship between these identified risk
predictors and subsequent suicidal behavior. Consequently, we recommend replication in
other health systems prior to broad application. All information necessary for replication is
available via our online repository.

These empirically derived risk scores outperformed risk stratification based solely on PHQ-9
item 9. Regarding sensitivity: selecting mental health visits with any positive response to
item 9 would identify only two thirds of subsequent suicide attempts and deaths’, while
selecting visits with risk scores above the 75™ percentile would identify 80%. Regarding
efficient identification of high risk: selecting the 6% of visits with a response of “more than
half the days” or “nearly every day” would identify one-third of subsequent suicide attempts
and deaths’, while selecting the 5% of visits with highest risk scores would identify almost
half.

Predictors identified in these models included a range of demographic characteristics, mental
health diagnoses, and historical indicators of mental health treatment; generally similar to
those identified in previous research®12:13, Based on results in validation samples,
performance of these prediction models equaled or exceeded that of other published models
using health records to predict suicidal behavior, where c-statistics ranged from 0.67 to
0.848-13, These models significantly outperformed other published models predicting
suicidal behavior after an outpatient visit, a question of high interest to a wide range of
mental health and primary care providers. In this sample, mental health specialty visits with
risk scores in the top 5% accounted for 43% of suicide attempts and 48% of suicide deaths
in the following 90 days, while primary care visits in the top 5% accounted for 48% of
subsequent suicide attempts and 43% of subsequent suicide deaths. For comparison, in two
previous models predicting suicidal behavior following outpatient visits, the top 5% of
patients accounted for between one quarter and one third of subsequent suicide attempts and
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deaths'213, This improved prediction likely reflects differences in data and methods. First,
longitudinal records in integrated health systems may allow more complete ascertainment of
risk factors. Second, our analyses consider a larger number of potential predictors and more
detailed temporal encoding. Third, responses to PHQ-9 item 9 contributed to prediction,
even though such data were available for only 10-20% of visits. Prediction accuracy would
likely improve with greater use of the PHQ-9 or similar measures, as is expected with new
initiatives promoting routine outcome assessment3’ and identification of suicidal ideation®.

C-statistics for these suicide prediction models also exceed those for models using health
records data to predict re-hospitalization for heart failure38, in-hospital mortality from
sepsis3?, and high emergency department utilization?C. Suicidal behavior may be more
predictable than many adverse medical outcomes.

Among mental health specialty visits, a cut-point at the 951 percentile of risk had a positive
predictive value of 5.4% for suicide attempt within 90 days. While that predictive value
would be inadequate for a diagnostic test, it is similar or superior to widely accepted tools
for prediction of major medical outcomes such as stroke in atrial fibrillation®!, or
cardiovascular events*2. Furthermore, predictive values or expected event rates for widely
accepted medical prediction tools often include adverse outcomes accumulated over many
years#142 rather than the 90-day risk period considered in these analyses.

Clinical Implications

Some recent discussions of predictive modeling in healthcare warn that reliance on
algorithms could lead to inappropriate causal inference*3-4% or atrophy of clinician
judgement#3. Regarding the first point, associations identified by our model should certainly
not be interpreted as evidence for independent or causal relationships. For example, a recent
benzodiazepine prescription is more likely a marker of increased risk than a cause of suicidal
behavior. We report predictors selected (Table 2) to demonstrate that all are expected
correlates of suicidal behavior, albeit in specific combinations within specific time periods.
Regarding the second point, our model and other models predicting suicidal behavior from
records data rely largely on the diagnostic and treatment decisions of treating clinicians. The
predictors identified by our analyses would be well-known to most mental health providers.
Predictive models simply allow us to consistently combine millions of providers’ individual
judgements to accurately predict an important but rare event?®.

Prediction models cannot replace clinical judgement, but risk scores can certainly inform
both individual clinical decisions and quality improvement programs. Participating health
systems now recommend completion of a structured suicide risk assessment6 following any
response of “more than half the days” or “nearly every day” to PHQ9 item 9 — implying a
90-day risk of suicide attempt of 2-3%’. A predicted 90-day risk exceeding 5% (i.e. above
the 95t percentile for mental health specialty visits) would seem to warrant a similar level of
additional assessment. A predicted 90-day suicide attempt risk exceeding 10% (i.e. above
the 99t percentile for mental health specialty visits) should warrant creation of a personal
safety plan and counseling regarding reducing access to means of self-harm*7:48. Accurate
risk stratification can also inform providers’ and health systems’ decisions regarding
frequency of follow-up, referral for intensive treatment, or outreach following missed or
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ncelled appointments3%49, Implementing these risk-based care pathways and outreach

programs is a central goal of the Zero Suicide prevention model recommended by the U.S.
National Action Alliance for Suicide Prevention®8. Empirically derived risk predictions can

be

an important component of that national suicide prevention strategy.
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Clinical characteristics selected for prediction of suicide attempt and suicide death within 90 days of visit,
listed in order of coefficients in logistic regression models. Interaction terms are indicated by “with”. See
Appendices 8b—8e for complete list.

SUICIDE ATTEMPT FOLLOWING:

SUICIDE DEATH FOLLOWING:

MENTAL HEALTH
SPECIALTY VISIT (of 94
predictors selected)

PRIMARY CARE VISIT (of
102 predictors selected)

MENTAL HEALTH
SPECIALTY VISIT (of 43
predictors selected)

PRIMARY CARE VISIT (of
29 predictor s selected)

Depression diagnosis in last 5
yrs.

Depression diagnosis in last 5 yrs.

Suicide attempt diagnosis in last
year

Mental health ER visit in last 3
mos.

Drug abuse diagnosis in last 5
yrs.

Suicide attempt diagnosis in last
5yrs.

Benzodiazepine Rx. in last 3 mos

Alcohol abuse diagnosis in last
5yrs.

PHQ-9 Item 9 score =3 in last
year

Drug abuse diagnosis in last 5
yrs.

Mental health ER visit in last 3
mos

Benzodiazepine Rx. in last 3
mos.

Alcohol use disorder Diag. in
last 5 yrs

Alcohol abuse diagnosis in last 5
yrs.

2" Gen. Antipsychotic Rx in last
5 years

Depression diagnosis in last 5
yrs.

Mental health inpatient stay in
last yr.

PHQ-9 Item 9 score=3 in last
year

Mental health inpatient stay in
last 5 years

Mental health inpatient stay in
last year

Benzodiazepine Rx. in last 3
mos.

Suicide attempt diagnosis in last
3 mos.

Mental health inpatient stay in
last 3 mos

Injury/Poisoning diagnosis in
last year

Suicide attempt in last 3 mos.

Suicide attempt diagnosis in last
year

Mental health inpatient stay in
last year

Anxiety disorder diagnosis in
last 5 yrs.

Personality disorder diag. in last
5yrs.

Personality disorder diag. in last 5
yrs.

Alcohol use disorder Diag. in last
5 years

PHQ-9 Item 9 score=1 with
PHQ8 score

Eating disorder diagnosis in last
5yrs.

Anxiety Disorder diagnosis in last
5yrs.

Antidepressant Rx in last 3 mos

PHQ-9 item 9 score=3 with
Age

Suicide Attempt in last year

Suicide attempt diagnosis in last
5 yrs with Schizophrenia diag. in
last 5 yrs.

PHQ-9 Item 9 score = 3 with
PHQ8 score

Suicide attempt diag. in past 5
yrs with Age

Mental health ER visit in last 3
mos.

Benzodiazepine Rx. in last 3 mos.

PHQ-9 item 9 score = 1 with Age

Mental health ER visit in past
year

Self-inflicted cutting/piercing in
last year

Eating Disorder diagnosis in last
5yrs.

Depression diag. in last 5 yrs.
with Age

PHQ-9 Item 9 score=2 with
Age

Suicide attempt in last 5 yrs.

Mental health ER visit in last 3
mos.

Suicide attempt diag. in last 5
yrs. with Charlson Score

PHQ-9 Item 9 score=3 with
PHQ8 score

Injury/poisoning diagnosis in
last 3 mos.

Injury/Poisoning diagnosis in last
year

PHQ-9 Item 9 score = 2 with
Age

Bipolar disorder diagnosis in
last 5 yrs with Age

Antidepressant Rx. in last 3 mos.

Mental health ER visit in last year

Anxiety disorder diag. in last 5
yrs. with Age

Depression diagnosis in last 5
yrs with Age
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