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Abstract Background Suicide risk prediction models have been developed by using information from
patients’ electronic health records (EHR), but the time elapsed between model development
andhealthsystemimplementation isoftensubstantial.Temporalchanges inhealthsystemsand
EHR coding practices necessitate the evaluation of such models in more contemporary data.
Objectives A set of published suicide risk prediction models developed by using EHR data
from 2009 to 2015 across seven health systems reported c-statistics of 0.85 for suicide
attempt and 0.83 to 0.86 for suicide death. Our objective was to evaluate these models’
performance with contemporary data (2014–2017) from these systems.
Methods We evaluated performance using mental health visits (6,832,439 to mental
health specialty providers and 3,987,078 to general medical providers) from 2014 to
2017 made by 1,799,765 patients aged 13þ across the health systems. No visits in our
evaluation were used in the previous model development. Outcomes were suicide
attempt (health system records) and suicide death (state death certificates) within
90 days following a visit. We assessed calibration and computed c-statistics with 95%
confidence intervals (CI) and cut-point specific estimates of sensitivity, specificity, and
positive/negative predictive value.
Results Models were well calibrated; 46% of suicide attempts and 35% of suicide deaths in
themental health specialty samplewere preceded by a visit (within 90 days) with a risk score
in the top 5%. In the general medical sample, 53% of attempts and 35% of deaths were
precededby such a visit. Among these two samples, respectively, c-statisticswere 0.862 (95%
CI: 0.860–0.864) and 0.864 (95% CI: 0.860–0.869) for suicide attempt, and 0.806 (95% CI:
0.790–0.822) and 0.804 (95% CI: 0.782–0.829) for suicide death.
Conclusion Performance of the risk prediction models in this contemporary sample
was similar to historical estimates for suicide attempt but modestly lower for suicide
death. These published models can inform clinical practice and patient care today.
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Background and Significance

Identification of individuals at increased risk for suicide is an
ongoing challenge in the United States. Traditional clinical
tools such as depression questionnaires, specifically item 9 of
the Patient Health Questionnaire (PHQ-9), can identify
patients at high risk for suicide attempt or death but exhibit
only moderate sensitivity.1 More recent research, including
our own, has attempted to improve the ability to predict
suicidal behavior by capitalizing on large health system
datasets and utilizing machine learning methods to develop
models that draw upon the growing wealth of information
captured in electronic health records (EHR).2–6 While some
EHR-based models may appear to have sufficient discrimi-
native ability for possible clinical use, there exist many
important considerations when planning potential imple-
mentation into a health system.

One such consideration, which serves as the impetus for
this manuscript, is the issue of temporality. The time elapsed
between when a risk prediction model is developed and
when it is implemented within a health system is often
substantial, and temporal changes in health systems and EHR
coding practices can be notable.7–10 Such changes can call
into question whether performance estimates generated at
the model development stage accurately reflect the perfor-
mance thatwill be observed at the timewhen amodel is to be
put into practice. As such, it is imperative to understand
whether models developed on data during an older period
are adequate or need to be refit or redeveloped with more
recent data, a process that can be time and resource
intensive.

Objectives

Our prior research collaboration pooled EHR data from 2009
to 2015 across seven health systems to develop models to
predict risk of suicide attempt and suicide death following a
mental health visit.5 The resulting models demonstrated
good discriminative performance based on the hold-out
validation data at the time. C-statistics and 95% confidence
intervals (CI) for the prediction of suicide attempt were
0.851 (95% CI: 0.848–0.853) for mental health specialty
visits and 0.853 (95% CI: 0.849–0.857) for general medical
visits (predominately made to primary care providers),
while c-statistics for the prediction of suicide death were
0.861 (95% CI: 0.848, 0.875) and 0.833 (95% CI: 0.813–
0.853), respectively. Numerous changes, however, have
occurred since the original work: the shift from the ICD-
9-CM (International Classification of Diseases, Ninth Revi-
sion, Clinical Modification) to ICD-10-CM (Tenth Revision)
system for coding diagnoses; increased clinical use of
standard depression questionnaires; health system imple-
mentation of suicide risk assessment protocols11; and shifts
in health system membership. Such changes could impact
performance of the published models; therefore, our goal in
this current study was to validate those models by using
EHR data from the same health systems in more recent
years (2014–2017).

Methods

Setting
The seven health systems contributing to the previous and
current work include HealthPartners (Minnesota); Henry
Ford Health System (Michigan); and the Colorado, Hawaii,
Northwest (Oregon), Southern California, and Washington
regions of Kaiser Permanente. These integrated health care
delivery systems provide both insurance coverage and com-
prehensive health care to patient-populations enrolled in
their systems via individual or employer-sponsored insur-
ance plans, Medicaid or Medicare, or other subsidized low-
income insurance programs. The populations covered by
these systems are representative of the systems’ respective
service areas, reflecting the demographic and socioeconomic
characteristics of the covered geographic regions.

As part of their comprehensive health care delivery, each
system provides both general medical and specialty mental
health care. Further, each of these systems has established
clinical recommendations to use the PHQ-9 at all visits for
depression, including mental health specialty and primary
care visits. However, the implementation of these guidelines
have varied across the systems over time.11 Additionally, all
seven health systems participate as members of the Mental
Health Research Network, with each maintaining a research
data warehouse in line with the specifications model of the
Health Care Systems Research Network’s Virtual Data
Warehouse.12 Thus, each site has an electronic data resource
for research that combines extensive information on the
patient populations, including data on health plan enroll-
ment, medical information captured in the EHR, claims,
pharmacy dispensings, state mortality records, and neigh-
borhood characteristics derived from census reporting. The
responsible institutional review boards for each health
system approved use of de-identified records data for the
current research study.

Sample
Our original suicide risk prediction models were developed
to predict suicide attempts following two types of health
system encounters among health plan members aged
13 years and older: (1) mental health specialty visits defined
as any outpatient clinic visit with a mental health specialty
provider, and (2) general medical visits defined as any
outpatient clinic visit with a nonmental health specialty
provider (mostly primary care) at which a mental health
or substance use diagnosis was recorded. Models were
originally developed and validated by using such visits
from each health system from January 1, 2009 to June 30,
2015, with predictionsmade at the visit level rather than the
person level because a person’s risk of suicide changes over
time. Hereafter, we refer to visits used for the previous
modeling work as the original sample.

For the current validation study, we collected a contem-
porary sample of mental health specialty and general medi-
cal visits that were not included in the previous model
development and validation work. This contemporary sam-
ple included visits from January 1, 2014 to September 30,
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2017 among people who were aged 13 years and older and
enrolled in the health plan at the time of the visit. Our
evaluation of suicide attempt models only used visits from
the contemporary sample that occurred after the transition
to ICD-10-CM (October 1, 2015–September 30, 2017). Our
evaluation of suicide death models, however, used any visits
from the contemporary sample that had cause-of-death
information available. Coding of suicide deaths was not
affected by the transition to ICD-10-CM but does rely on
state mortality records, which are variably updated at each
health system because each state releases death records at
different intervals (available through 2016 for most sites in
the contemporary sample). In the prior study, cause-of-death
information was only available through 2013 at most sites,
which iswhywe could include some visits from2014 and the
first half of 2015 in the contemporary sample (as they were
not originally used to train or validate the risk models for
suicide death).

In addition to the coding transition and temporal changes
in health systems described earlier, data underlying the
contemporary sample were also affected by technical
changes (relative to the original sample) specific to research
data infrastructure in these health systems, including differ-
ent specialty codes used to include mental health specialty
visits; narrower definition of substance use disorder used to
include general medical visits; and more accurate health
system enrollment information used to censor observations
without complete follow-up data.

Outcomes
For each visit in the contemporary sample, we identified
suicide attempts or suicide deaths within 90 days following
the visit. Suicide attempts were ascertained by using EHR or
insurance claim International Classification of Diseases,
Tenth Revision, Clinical Modification (ICD-10-CM) diagnoses
of injury or poisoning coded as either intentional self-harm
or having undetermined intent. Suicide deaths were ascer-
tained by using cause-of-death information obtained from
state vital records; deaths with causes corresponding to ICD-
10-CM diagnoses of intentional self-harm (codes X60-X84,
Y87.0) or undetermined intent (codes Y10-Y34, Y87.2) were
classified as suicides. Inclusion of instances with undeter-
mined intent in the suicide attempt and suicide death out-
comes significantly increases ascertainment of both, with a
modest trade-off of specificity.1 Suicide attempt ascertain-
ment was censored at the time of a person’s disenrollment
from the health system because data regarding self-harm
diagnoses would no longer be available after that time.
Suicide death is ascertained regardless of enrollment status;
therefore, no censoring was applied to that outcome.

Covariates
Model predictors were based on patient information gath-
ered from health system records over the 5 years preceding
each visit. These predictors included patient demographics
such as age, sex, race/ethnicity, insurance type, and census-
derived education and income measures; mental health and
substance use disorder diagnoses (current and past), as well

as more general medical diagnoses of comorbidity (compo-
nents of Charlson Comorbidity Index13); previous suicide
attempts or other injuries or poisonings; previous hospital-
izations or emergency department encounters for mental
health care; mental health medication dispensings; and
PHQ-9 scores (total and item 9). Timing of diagnoses, pre-
scriptions, PHQ-9 scores, previous suicide attempts, and
utilization events were represented by using different com-
binations of indicators for occurrence at index, in the past
three months, in the past six months, in the past year, or in
the past five years, depending on the predictor category. Full
detail on the set of predictors considered during develop-
ment of the original risk prediction models are provided in
Appendix 9A of the previous publication5 and at github.com/
MHResearchNetwork/srpm-analytic.

Statistical Analysis
As this is a validation studyof an existing set of published risk
prediction models, we summarize how those models were
previously developed. Briefly, they were developed using
logistic regression with least absolute shrinkage and selec-
tion operator (LASSO) variable selection14 based on a ran-
dom training sample of visits, with finalmodels calibrated by
refitting logistic regression models to the training sample
using only the variables selected by LASSO and estimating
coefficients using generalized estimating equations.15 The
published performance was based on applying final models
to a held-out validation set of visits. The variable selection,
model calibration, and validation steps were repeated for
each of the outcomes of interest (90-day suicide attempt and
suicide death) and separately for the mental health specialty
and general medical samples. Details of the final selected
predictors and summary of results from that previous work
are provided in that manuscript5 and at github.-
com/MHResearchNetwork/srpm-model.

For this current validation study, we applied those previ-
ously developed risk prediction models to the contemporary
sample and calculated the same performance metrics that
were presented in the original paper. These included (1)
comparing predicted risk to observed risk within predicted
risk strata (with strata cut-points defined using the predic-
tions from the previous paper’s original training dataset); (2)
computing c-statisticsmeasuring the area under the receiver
operating characteristic (ROC) curves; and (3) calculating
sensitivity, specificity, positive predictive value (PPV), and
negative predictive value (NPV) associated with specific
predicted risk cut-points (as determined in the original
paper). Confidence intervals for c-statistics were computed
via bootstrap with 1,000 replications.

In our evaluation of suicide attempt models, we excluded
visits that were censored due to health system disenroll-
ment. However, as a sensitivity analysis, we incorporated
inverse probability of censoring weights to assess if censor-
ing affected performance estimates. To assess the impact that
technical changes in research data infrastructure (described
earlier) may have had on differences in prediction perfor-
mance between the original and contemporary samples, we
collectedmental health visits spanning the same years as the
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original sample (2009–2015) but reflecting the current
research infrastructure and data specifications. We then
applied the published suicide attempt and suicide death
models to this data, computed performance metrics, and
compared with the originally published performance.

Model predictions were computed and performance
assessed by using R version 3.5.316 and the ROCR package.17

Results

The contemporary sample included 6,832,439mental health
specialty visits and 3,987,078 general medical visits among
1,799,765 unique patients (►Table 1). Relative to the mental

health specialty sample, patients from the general medical
sample were older (26 vs. 13% of patients were aged 65þ ),
less likely to belong to a racial or ethnic minority group (70
vs. 66% white and 23 vs. 28% Hispanic), and less likely to be
insured by commercial insurance (57 vs. 69%). As expected,
the PHQ-9 item 9 score was much more frequently assessed
in the mental health specialty sample (48% of patients
assessed at the visit or within the past year compared with
27% in the general medical sample). Likewise, suicide rates
were higher following mental health specialty visits as
compared with general medical visits (63.3 vs. 32.0 per
10,000 visits for 90-day suicide attempts and 1.7 vs. 1.2
per 10,000 visits for 90-day suicide deaths).

Table 1 Patient characteristics among visits included in the contemporary sample

Characteristic Mental health specialty General medical

n % n %

Total visits 6,832,439 3,987,078

Total people 859,543 1,439,127

Female 4,405,519 64 2,543,035 64

Age

13–17 626,541 9 176,875 4

18–29 1,225,903 18 540,823 14

30–44 1,767,273 26 830,412 21

45–64 2,311,333 34 1,393,998 35

65 or older 901,389 13 1,044,970 26

Race

White 4,482,143 66 2,780,067 70

Asian 374,147 5 181,036 5

Black 625,306 9 326,115 8

Hawaiian/Pacific Islander 69,069 1 33,345 1

Native American 60,878 1 40,848 1

More than one or other 23,550 0 26,727 1

Not recorded 1,197,346 18 598,940 15

Ethnicity

Hispanic 1,899,758 28 930,007 23

Insurance type

Commercial group 4,714,442 69 2,283,033 57

Individual 1,127,044 17 762,452 19

Medicare 442,189 6 570,165 14

Medicaid 520,331 8 308,964 8

Other 28,433 0 62,464 2

PHQ-9 Item 9 score recorded

At index visit 1,564,602 23 504,061 13

At index visit or any visit in past year 3,280,778 48 1,056,676 27

Length of enrollment prior to visit

1 y or more 5,910,410 87 3,274,462 82

5 y or more 3,831,454 56 2,033,333 51

Abbreviation: PHQ-9, Patient Health Questionnaire-9.
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►Table 2 provides a comparison of the distributions of
select predictors between the contemporary sample and the
original sample. Some notable differences were that the
contemporary sample tended to have higher prevalence of
anxiety disorder diagnoses, personality disorder diagnoses,
and greater use of antidepressant medications, as well as a
greater proportion receiving PHQ-9 item 9 assessments.
Supplementary Material 1 provides a more extensive set
of comparisons. Rates of suicide attempts and suicide
deaths were comparable in the contemporary and original
samples.

Evaluation of the 90-day suicide attempt prediction mod-
els (which was limited to visits occurring after transition to
ICD-10-CM) utilized 4,073,012mental health specialty visits
and 2,327,499 general medical visits from the contemporary
sample and identified 9,109 unique suicide attempts within
90 days of a visit. Reflected in these counts is the exclusion of
3.5% of visits due to disenrollment within 90 days. Evaluation
of the 90-day suicide death prediction models (which was
limited to visits with cause-of-death information available
from state vital records) utilized 4,799,175 mental health
specialty visits, and 2,773,976 general medical visits from
the contemporary sample and identified 356 unique suicide
deaths within 90 days of a visit.

►Table 3 compares the predicted and observed risk for the
90-day suicide attempt and suicide death risk prediction
models in the contemporary sample. The largest differences
were seen in the highest risk strata. For example, the average

predicted risk of suicide attempt for mental health specialty
visits in the top stratawas 17.4% comparedwith an observed
risk of 12.0% (0.84 vs. 0.48% for suicide death). For general
medical visits, these predicted and observed risk were 10.6
and 9.2%, respectively, for suicide attempt, and 0.50 versus
0.13% for suicide death. Predicted and observed risk for other
strata, which contain the majorities of events in the sample,
were very similar. In themental health specialty sample, 46%
of suicide attempts and 35% of suicide deaths were preceded
by at least one visit (within 90 days) in the top three risk
strata (i.e., above the 95th percentile of predicted risk) even
though those strata only accounted for approximately 5% of
visits. Similarly, in the generalmedical sample, 53% of suicide
attempts and 35% of suicide deaths were preceded by at least
one visit in those top three strata, yet those strata included
only approximately 7% of visits.

►Fig. 1 provides ROC curves illustrating overall discrimi-
nation for the 90-day suicide attempt and suicide death risk
prediction models in the contemporary sample. Among
mental health specialty and general medical visits, respec-
tively, c-statistics were 0.862 (95% CI: 0.860–0.864) and
0.864 (95% CI: 0.860–0.869) for suicide attempt, and 0.806
(95% CI: 0.790–0.822) and 0.804 (95% CI: 0.782–0.829) for
suicide death. ►Table 4 presents sensitivity, specificity, PPV,
and NPV for each of the models at specific cut-points. For the
suicide attempt models, for example, using a 99th percentile
cut-point yielded a sensitivityof 22.2% and PPVof 9.9% for the
mental health specialty visits and a sensitivity of 29.2% and

Table 2 Comparison of the distributions of select predictors between the original sample and the current (contemporary) sample

Predictor Mental health specialty General medical

Original % Current % Original % Current %

Diagnoses in prior 5 ya

Depressive disorder 74 77 55 66

Anxiety disorder 62 80 46 71

Bipolar disorder 13 13 6 6

Schizophrenia spectrum disorder 4 4 2 2

Personality disorder 6 16 2 10

Alcohol use disorder 13 15 6 13

Medication dispensing in prior 3 mo

Antidepressant 44 51 30 36

Benzodiazepine 24 23 17 17

Hypnotic 5 3 4 2

Second-generation antipsychotic 12 13 4 4

Mental health clinical encounter in prior 3 mo

Inpatient stay 7 7 5 5

Emergency department 10 12 8 9

Outpatient 79 79 21 19

Suicide attempt in the prior year 2 2 1 1

PHQ-9 Item 9 score recorded in prior yeara 48 20 27 11

Abbreviation: PHQ-9, Patient Health Questionnaire-9.
aIncludes index visit.
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PPV of 6.5% for the general medical sample visits. Using a
95th percentile cut-point, these same metrics were 48.0 and
5.0%, and 57.4 and 2.7%, respectively. For the suicide death
models, sensitivity tended to be lower thanwas observed for
suicide attempt models for both the mental health specialty
and the general medical visits. PPV was extremely low, as
expected, due to the rarity of suicide death.

Sensitivity analyses incorporating weights to account for
incomplete 90-day follow-up of suicide attempts yielded
weighted c-statistics of 0.862 (95% CI: 0.860–0.864) and
0.864 (95% CI: 0.860–0.869) for the mental health specialty
and general medical visits in the contemporary sample.
Additionally, assessing performance of the models applied
to visits reflecting the current data infrastructure but span-
ning the years of the original sample resulted in c-statistics
that were near identical to the original published perfor-
mance, thus suggesting that technical changes to data infra-

structure (new specification ofmental health specialty visits,
narrower definitions of substance use disorder, and im-
proved identification of insurance disenrollment) had no
meaningful impact on model performance.

Discussion

We evaluated previously developed suicide riskmodels5 on a
contemporary sample of approximately 10 million mental
health specialty and general medical visits among nearly 1
million patients across seven health systems. As the previ-
ously developedmodels had not been clinically deployed, we
did not expect relationships between predictors and out-
comes to have meaningfully changed.18 Still, this evaluation
was a necessary temporal validation19 given other changes
that occurred across health systems. We found that models
were well calibrated in this contemporary sample despite

Fig. 1 Receiver operating characteristic curves illustrating model discrimination.
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temporal changes in clinical practice and informatics
changes within the health systems that included a transition
from ICD-9-CM to ICD-10-CM coding. While the models
tended to overestimate risk for visits in the highest predicted
risk strata (e.g., above the 99.5th percentile), visits in these
strata did have the highest observed risk in the sample, thus
suggesting that those thresholds do identify high risk visits.
Models also demonstrated good discriminative ability in
stratifying visits according to 90-day risk of suicide attempt
or suicide death for both the mental health specialty and
general medical visits. The c-statistics for suicide attempt
models in this contemporary data (both 0.86) were on par
with those illustrated in the original model development
manuscript (both 0.85), but for suicide death models, we did
observe a modest decline in performance (0.80–0.81 in the
contemporary sample vs. 0.83–0.86 originally).

Temporal drift in calibration can be common in regression
models,20 thoughwe observed little of that in our evaluation.
Regarding discriminative ability, it is interesting that we
found no meaningful change for suicide attempt models
when compared with the previous publication but did for
suicide deathmodels. Suicide death codingwas not impacted
by transition to ICD-10-CM, and suicide death prediction
models did not include any ICD-code based predictors that
did not also appear in suicide attemptmodels (Appendix 9B–
E from prior work5). Decline in performance for the predic-
tion of suicide death did seem to vary across health systems
(data not shown), though this variability may reflect the
rarity of the outcome in our sample, especially in the smaller
health systems. Suicide death outcomes are notably rarer
than suicide attempts, which would have made the original
model development for predicting suicide death more prone
to overfitting thanmodel development for predicting suicide
attempt.

It is possible, though, that predictor distributions may
have changed in a manner that differentially impacted
performance of the suicide death models. The suicide death
models include notably fewer predictors (43 for mental
health specialty and 29 for general medical) than suicide
attempt models (94 and 102, respectively), and the PHQ-9
based predictors are of somewhat greater importance in the
suicide deathmodels, accounting for approximately a third of
those models’ predictors. Notably, the proportion of visits in
the contemporary sample that had a PHQ-9 item 9 score
recorded at the visit was more than double the proportion
observed in the original sample. We had expected that
increased availability of PHQ-9 data might improve perfor-
mance of themodels andwere a bit surprised it did not. Prior
work, however, had found that incorporation of PHQ-9
depression questionnaire data did not lead to dramatic
improvements in predictive performance compared with
models that already incorporated patient demographics
and EHR measures of diagnoses, prescriptions, and utiliza-
tion.21 Further, it is possible that wider use of depression
questionnaires in current clinical practice11 may now reflect
a different relationship between suicide risk and presence of
depression scores relative to what was observed during the
time the model was originally developed.Ta
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This points to the important role that temporal changes in
clinical practice patterns may play in whether future model
performance continues to reflect earlier performance,22 an
issue that may be especially relevant to models predicting
rare events such as suicide death. In developing prediction
models, researchers are often inclined to use a development
sample spanning many years of historical clinical system
data to include a sufficiently large number of events. Such
approaches, however, increase the likelihood of differences
in patient populations, clinical practice, and informatics
environments between the model development period and
the period when the model is to be utilized. Our work
examined temporal validity of logistic regression-based
suicide risk prediction models, but such evaluations should
be done regardless of prediction methods used.23 Further,
while our evaluation focused on model transportability
across time, validation of transportability across other
dimensions (e.g., external clinical system, patient subpopu-
lations, etc.) may be relevant depending on a model’s
planned usage, thus highlighting the challenges of EHR-
based model development and the critical importance of
evaluation prior to potential clinical deployment.24,25

Limitations of our evaluation of the suicide risk prediction
models in this contemporary sample are like those encoun-
tered in prior work.5 Our definition of suicide attempt may
include a small proportion of unintentional self-harm
events. Perhaps more importantly, we are likely missing
suicide attempts in situations where patients do not seek
medical care or when health care providers do not recognize
and document self-harm events. Further, our evaluation only
considered outpatient mental health specialty and general
medical visits, as those types of visits were used to develop
themodels. Thisworkdoes not inform suicide risk prediction
for people not receiving mental health treatment or people
with no recorded mental health related diagnoses. Our
evaluation of these risk prediction models was performed
in the same health systems that contributed data to develop
the models. Thus, our evaluation cannot speak to perfor-
mance in different systems. We note, too, that while the
contemporary sample used for model evaluations did not
include any of the visits that had been used to train or
validate those models originally, it did contain visits from
some of the same people who had contributed visits to the
original training data.

Conclusion

EHR-based risk prediction models developed for use in
clinical systems should be periodically evaluated, so health
systems can determine whether use of existing models is
supported or whether new ones should be developed. In our
evaluation of a published set of EHR-based suicide risk
models for identifying patients at high risk for self-harm,
we found little evidence of temporal deterioration in model
performance. Overall, the models in a contemporary sample
performed mostly as expected based on previous work but
with a modest drop in performance of suicide death predic-
tion. Models were well calibrated with solid discriminative

ability for the visits of interest, suggesting that the models
developed on data from an earlier time period at these health
systems can be used to help inform clinical practice and
patient care today.

Clinical Relevance Statement

Temporal changes in health systems and electronic health
record (EHR) coding practices necessitate ongoing evaluation
of EHR-based clinical risk prediction models. Our evaluation
of previously developed EHR-based suicide risk models on
more contemporary health system data determined that
these models continue to demonstrate good calibration
and discrimination. These models can be used to help
identify patients at high risk for self-harm within these
systems today.

Multiple Choice Questions

1. Evaluation of a previously developed EHR-based risk
prediction model on data more proximal to the time of
clinical implementation is:
a. Important because statistical methods may have

changed since the original model development.
b. Important because health systems and EHR codingmay

have changed since the original model development.
c. Not important because current model performance

should not have changed since the original model
development.

d. Not important because themodelwill be useful regard-
less of changes since the original model development.

Correct Answer: The correct answer is option b. The time
elapsed between when a risk prediction model is devel-
oped and when it is implemented within a health system
is often substantial, and temporal changes in health
systems and EHR coding practices could result in altered
relationships between the EHR-based predictors and out-
comes of interest.

2. Which statement represents findings from our evaluation
of the suicide risk prediction models?
a. Both suicide attempt and suicide death models were

poorly calibrated in the contemporary sample.
b. Both suicide attempt and suicide death models had

poor discriminative performance in the contemporary
sample.

c. Suicide attempt models had better discriminative per-
formance than suicide death models in the contempo-
rary sample.

d. Suicide death models had better discriminative perfor-
mance than suicide attempt models in the contempo-
rary sample.

Correct Answer: The correct answer is option c, as
evidenced by ►Fig. 1 and ►Table 4 and the following
results. Among mental health specialty and general med-
ical visits, respectively, c-statistics were 0.862 (95% CI:
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0.860–0.864) and 0.864 (95% CI: 0.860–0.869) for suicide
attempt, and 0.806 (95% CI: 0.790–0.822) and 0.804 (95%
CI: 0.782–0.829) for suicide death.
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