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IMPORTANCE The months after psychiatric hospital discharge are a time of high risk for
suicide. Intensive postdischarge case management, although potentially effective in suicide
prevention, is likely to be cost-effective only if targeted at high-risk patients. A previously
developed machine learning (ML) model showed that postdischarge suicides can be
predicted from electronic health records and geospatial data, but it is unknown
if prediction could be improved by adding additional information.

OBJECTIVE To determine whether model prediction could be improved by adding information
extracted from clinical notes and public records.

DESIGN, SETTING, AND PARTICIPANTS Models were trained to predict suicides in the

12 months after Veterans Health Administration (VHA) short-term (less than 365 days)
psychiatric hospitalizations between the beginning of 2010 and September 1, 2012

(299 050 hospitalizations, with 916 hospitalizations followed within 12 months by suicides)
and tested in the hospitalizations from September 2, 2012, to December 31, 2013 (149 738
hospitalizations, with 393 hospitalizations followed within 12 months by suicides).
Validation focused on net benefit across a range of plausible decision thresholds.

Predictor importance was assessed with Shapley additive explanations (SHAP) values.

Data were analyzed from January to August 2022.

MAIN OUTCOMES AND MEASURES Suicides were defined by the National Death Index.

Base model predictors included VHA electronic health records and patient residential data.
The expanded predictors came from natural language processing (NLP) of clinical notes
and a social determinants of health (SDOH) public records database.

RESULTS The model included 448 788 unique hospitalizations. Net benefit over risk horizons
between 3 and 12 months was generally highest for the model that included both NLP and
SDOH predictors (area under the receiver operating characteristic curve range, 0.747-0.780;
area under the precision recall curve relative to the suicide rate range, 3.87-5.75). NLP and
SDOH predictors also had the highest predictor class-level SHAP values (proportional

SHAP = 64.0% and 49.3%, respectively), although the single highest positive variable-level
SHAP value was for a count of medications classified by the US Food and Drug Administration
as increasing suicide risk prescribed the year before hospitalization (proportional

SHAP =15.0%).

CONCLUSIONS AND RELEVANCE In this study, clinical notes and public records were found

to improve ML model prediction of suicide after psychiatric hospitalization. The model had
positive net benefit over 3-month to 12-month risk horizons for plausible decision thresholds.
Although caution is needed in inferring causality based on predictor importance,

several key predictors have potential intervention implications that should be investigated

in future studies.
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uicide is the 10th leading cause of death in the US.! The

highest concentration is among the 1% of the popula-

tion with a past-year psychiatric hospitalization,? who
account for 14% of all suicides.® Intensive case management
might reduce these postdischarge suicides*® but would be
cost-effective only if targeted at high-risk patients. A ma-
chine learning (ML) model based on electronic health records
and geospatial data was developed for this purpose in the Vet-
erans Health Administration (VHA).” Based on the strength of
that model, an experimental trial was funded for suicide pre-
vention with intensive postdischarge case management of
high-risk patients.® However, it was decided that further study
was needed before implementing the trial to determine if
model accuracy could be improved by adding 2 types of pre-
dictors found to be important in other suicide prediction mod-
els: (1) predictors extracted from clinical notes using natural
language processing (NLP) methods® and (2) indicators of
patient-level social determinants of health (SDOH) extracted
from public records.!© Results of this investigation are
presented here along with an analysis of the net benefit (NB)
of the expanded model across a range of plausible decision
thresholds.

Methods

Sample

The models were trained in the 299 050 short-term (less than
365 days) VHA psychiatric hospitalizations that occurred be-
tween January 1, 2010, and September 1, 2012 (916 hospital-
izations followed within 12 months by a suicide) and tested in
aprospective validation sample of the 149 738 short-term VHA
psychiatric hospitalizations that occurred between Septem-
ber 2, 2012, and December 31, 2013 (393 hospitalizations fol-
lowed within 12 months by a suicide). The primary outcome,
suicide within 12 months postdischarge, was identified in the
National Death Index (NDI).!" The study protocol was ap-
proved by the Research Ethics Committees of the Veterans Ad-
ministration Center of Excellence for Suicide Prevention and
Harvard Medical School with a waiver of informed consent
based on data being deidentified. The study followed the Trans-
parent Reporting of a Multivariable Prediction Model for In-
dividual Prognosis or Diagnosis (TRIPOD) reporting guideline'?
for reporting analyses designed to develop and validate
predictive models.

Data Sources

The predictors in the original model came from 3 sources”: (1)
the VHA Corporate Data Warehouse (CDW)!2 (eTable 1 in
Supplement 1); (2) the Veterans Administration (VA) Suicide
Prevention Applications Network for reporting of suicidal
behaviors'*; and (3) a geospatial SDOH database assembled
from diverse government sources (eTable 2 in Supplement 1)
about plausible predictors of suicide’ in the patient’s residen-
tial neighborhood (ie, block group and census tracts), county,
and state. Two new databases were added for the expanded
models: (4) a consolidated free text file of VHA clinical notes
for all inpatient and outpatient visits in the 12 months before
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Key Points

Question Can prediction of posthospitalization suicides be
improved by adding information from clinical notes and public
records to a standard machine learning model?

Findings In this prognostic study including 448 788
hospitalizations, performance of a machine learning model to
predict suicides after Veteran Health Administration psychiatric
hospital discharges improved significantly when including
predictors extracted from clinical notes with natural language
processing and from a social determinants of health public
records database. The resulting model had positive net benefit
for plausible decision thresholds over risk horizons between
3and 12 months.

Meaning In this study, clinical notes and public records improved
machine learning model prediction of suicides after psychiatric
hospital discharges.

and including hospitalization'®; and (5) the LexisNexis SDOH
database of public records (eTable 3 in Supplement 1) as of the
month before hospitalization.'” Demographic information, in-
cluding race and ethnicity information, were taken from the
VHA VistA Patient file stored in the CDW. Both self-reported
and observer-reported race and ethnicity are recorded in this
file. Self-reports were taken when available, and observer re-
ports were only taken when self-reports were missing. Data
were missing for no more than 3% of records and only in the
geospatial SDOH database and LexisNexis SDOH database. In
most of these cases, records were nonmissing in earlier rec-
ords or, in the case of the geospatial SDOH database, in con-
tiguous areas, allowing nearest-neighbor imputations. Re-
maining missing values and inconsistencies were reconciled
using rational imputations and median value imputations.

Predictors

Four broad predictor classes, each somewhat expanding the
predictors in the earlier model, included: (1) psychopathologi-
cal risk factors (diagnoses, treatments, suicidality), including
information about these variables during the hospitalization;
(2) physical disorders and treatments and counts of pre-
scribed medications classified by the US Food and Drug Ad-
ministration (FDA) as increasing suicide risk (eTable 4 in
Supplement 1); (3) facility-level quality indicators (eg, inpa-
tient staff turnover rate) over the 12 months prior to the date
of the hospitalization; and (4) indicators of SDOH at both the
patient level (from International Classification of Diseases, Ninth
Revision, Clinical Modification [ICD-9-CM]/ICD-10-CM codes
and sociodemographic information) and the geospatial level
as of the month before the hospitalization. These variables were
selected based on review of earlier research on predictors of
suicide after psychiatric hospital discharge'®2! and in more gen-
eral patient samples.??2* Details about constructs and assess-
ments are presented in the eMethods in Supplement 1. A total
of 7902 predictors were extracted from these databases. An
additional 1837 predictors were extracted from clinical notes
using NLP methods (eMethods in Supplement 1). The Lexis-
Nexis SDOH database included an additional 442 predictors.
Categorical predictors in all databases were 1-hot encoded as
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0-1dummy variables. Ordinal, interval, and ratio variables were
standardized to a mean of O and variance of 1, with values
more than 3 SDs above or below mean truncated to 3 or -3 to
minimize the effects of outliers.

Statistical Analysis
Analysis was carried out January to August 2022. The Super-
Learner (SL) stacked generalization ML method?® was used to
pool results across an ensemble of classifiers (eTable 5 in
Supplement 1) to generate optimally weighted composite
predictions.?® Four SL models were trained: (1) the base model,
including only predictors from the first 3 databases, and 3
models with additional predictors beyond those in the base
model, including (2) the NLP model, (3) the LexisNexis
SDOH model, and (4) the combined model, which included
the important predictors from the base, NLP, and LexisNexis
SDOH models (eMethods in Supplement 1). A lasso model
(ie, sparse penalized logistic regression),?” estimated as a simple
benchmark for the more complex stacked generalization
models, included the same predictors as the base SL model.
The models were trained to predict suicides over a 12-
month risk horizon but were also used in the validation sample
to predict suicides over shorter risk horizons based on a prior
finding that models predicting postdischarge suicides over a
12-month risk horizon outperform models developed over
shorter risk horizons when applied at those shorter horizons.”
This occurred because the larger number of suicides over 12
months increased statistical power to detect meaningful as-
sociations that were comparable over shorter horizons. Meta-
learner weights for the learners used to estimate the Super-
Learner prediction of the combined model are presented in
eTable 9 of Supplement 1. A 2-sided ¢ test was used to deter-
mine the significance of the 12-month suicide rate between the
training and validation samples. One-sided x? tests were used
to determine if AUCs were significantly greater than 0.5.
All significance tests were evaluated at a = .05.

Model Interpretation

Model Performance

Model performance focused on NB, a widely used summary
measure of clinical model performance.?® NB describes the
relative benefits (true-positives) vs costs (false-positives) of
intervening at a given decision threshold to determine how
high predicted suicide risk must be to define a patient as
warranting intervention. NB at decision threshold p is
defined as the ratio of the observed number of true-positives
above that threshold to a discounted number of false-
positives above the threshold, with discounting defined by
the p/q break-even point implied when the decision thresh-
old is set at p, where g =1 - p. Importantly, NB can be high-
est for a given model at one decision threshold but not oth-
ers, making the decision threshold of interest explicit when
comparing models. Absence of consensus on the minimum
risk needed to justify implementing an aggressive suicide
prevention intervention makes it impossible to select a
single decision threshold for the NB analysis. Presenting
results across a plausible range of thresholds is recom-
mended in cases where such uncertainty exists.?*° We con-
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sidered decision thresholds between roughly half the
12-month suicide rate and 2-fold that rate.

To facilitate comparison across models, NB was divided
by the observed suicide rate for the horizon to define stan-
dardized NB (SNB), which has an upper bound of 1.0 for each
horizon. Although standardized NB usefully combines infor-
mation about discrimination and calibration, the 2 model per-
formance metrics typically considered in evaluating predic-
tion models, thereby addressing the uncertainty that otherwise
arises when one model has better discrimination and another
better calibration, we also report comparative model discrimi-
nation and calibration. Discrimination was assessed by area
under the receiver operating characteristic curve (AUROC) and
area under the precision recall curve (AUPRC). Given the low
prevalence of suicide, AUPRC was expressed relative to the sui-
cide rate, which is the expected value of AUPRC under a null
model. Calibration was assessed with the integrated calibra-
tion index (ICI),*! the weighted mean absolute value differ-
ence between observed and predicted probabilities of suicide,
expressed relative to the suicide rate.

Although model performance was evaluated in the 30%
prospective validation sample, discrimination and calibra-
tion were also calculated using 10-fold cross-validation in the
total sample to provide a valid comparison with the approach
used in most prior ML suicide prediction studies. Estimates
based on 10-fold cross-validation are typically a good deal
higher than estimates based on prospective validation.>? Given
that some patients had multiple hospitalizations, the cross-
validation folds were constructed at the patient level so that
all hospitalizations for a specific patient were in the same fold.

Predictor Importance

Predictor importance was examined using the model-agnostic
kernel Shapley additive explanations (SHAP) method.?* This
method estimates the effect of changing a predictor from its ob-
served score to the sample mean averaged across all logically
possible permutations of other predictors. The mean of this
SHAP value for a given predictor across all hospitalizations is
0. However, the mean absolute SHAP value provides useful in-
formation about the average importance of the predictor. A bee
swarm plot of individual-level observed predictor scores by
SHAP values shows the dominant direction of association.
Proportional mean absolute SHAP values were calculated by
dividing mean absolute SHAP values of classes and important
predictors within classes by the mean absolute SHAP value of
the entire model (eMethods in Supplement 1).

SAS version 9.4 (SAS Institute) was used for data clean-
ing, imputation, management, estimating suicide preva-
lence, and calculating AUROC, AUPRG, ICI, and standardized
NB. Rversion 4.0.5 (The R Foundation) was used for NLP fea-
ture extraction and to estimate SL. models and SHAP values.

.|
Results

Sociodemographic and Military Career Variable Distributions
Most training and validation sample patients were male
(280901 0of 299 050 [93.9%] and 139 630 of 149 738 [93.2%],
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respectively), with a median (IQR) age of 55 (16) and 55 (18)
years. Most patients were non-Hispanic White (training sample,
187745 [62.8%]; validation sample, 92 067 [61.5%]), fol-
lowed by non-Hispanic Black (training sample, 72 315 [24.2%];
validation sample, 36 205 [24.2%]), Hispanic (training sample,
23002 [7.7%]; validation sample, 11687 [7.8%]), and other race
(including American Indian and Alaska Native, Asian, Native
Hawaiian and Other Pacific Islander races, responses of do not
know and any other race, and missing data; training sample,
15987 [5.3%]; validation sample, 9780 [6.5%]) (eTable 6 in
Supplement 1). Most served in the Vietnam War era (training
sample, 120 365 0f 299 050 [40.2%]; validation sample, 53 790
0f' 149738 [35.9%]).

Outcome Distribution

The 448788 short-term VHA psychiatric hospitalizations
from 2010 to 2013 involved 227 801 patients, 835 of whom died
by suicide within 12 months of discharge from 1309 psychiat-
ric hospitalizations. The 12-month suicide rate at the level of
the hospitalization was significantly higher in the training
sample (n = 916; mean [SE] rate, 306.3 [10.1] per 100 000 hos-
pitalizations) than the validation sample (n = 393; mean [SE]
rate, 262.5 [13.2] per 100 000 hospitalizations; t = -2.6;
P =.008). The mean (SE) suicide rate decreased with time since
discharge in both the training and validation samples, from
highs of 1081.0 (137.3) per 100 000 hospitalization-years and
1149.2 (200.0) per 100 000 hospitalization-years, respec-
tively, in the first week after discharge to lows of 245.9 (13.0)
per 100 000 hospitalization-years and 198.3 (16.5) per 100 000
hospitalization-years 7 to 12 months after discharge (training
sample, x% = 145.0; validation sample, x%, = 61.8; P < .001)
(Figure 1; eTable 7 in Supplement 1). The reasons for these
decreases are unclear but illustrate the importance of using a
prospective validation sample rather than a random 30%
subsample selected across all study years to avoid overesti-
mating prospective model prediction accuracy.

Model Performance

Discrimination and Calibration

Validation sample AUROC was in the range traditionally con-
sidered acceptable in all models other than the lasso model
(AUROC range, 0.721-0.784) and poor in the lasso model
(AUROC range, 0.642-0.668).>* AUROC was generally high-
est in the combined model (range, 0.747-0.780) (Table 1).
AUPRC relative to the suicide rate was 3-fold to 6-fold higher
forarandom classifier in all models other than the lasso model
and 1.5-fold to 2-fold higher in the lasso model. Model dis-
crimination was substantially higher when based on 10-fold
cross-validation in the total sample (AUROC range, 0.824-
0.883; AUPRC relative to the suicide rate range, 49.5-81.6)
(eTable 8 in Supplement 1). Model calibration was best for
the lasso model (ICI relative to the suicide rate range, 0.215-
0.269) (Table 1).

Standardized NB

The proportion of hospitalizations screened in at the optimal
standardized NB decreased as the decision threshold in-
creased and as the risk horizon decreased, from highs of
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Figure 1. Monthly Suicide Hazard Rates and Cumulative Incidence Rates
Over the 12 Months After Psychiatric Hospital Discharge in the Training
Sample (January 1, 2010, to September 1, 2012) and Prospective
Validation Sample (September 2, 2012, to December 31, 2013)

@ Suicides per 100000 discharges (validation sample)

@ Suicides per 100000 discharges (training sample)
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70+ 350
[a)
]
=] J L
2 60 300 £
w o=
S 3
5 501 250
= <.
2 (=)
= (=%
g 40 200 @
o o
=4 <
o
i L150
% 30 §
a S
o 20- L100 S
2 =]
S a
3 104 (50 &
[{=}
S
2
0

0 1 2 3 4 5 6 7 8 9 10 11 12
Time after discharge, mo

29.9% t0 35.2% (capturing 69.2% to 71.4% of true suicides) at
the lowest threshold to lows of 0.7% to 4.4% (capturing 6.8%
to 23.7% of true suicides) at the highest threshold. Although
the base model consistently had the highest standardized NB
at the lowest decision threshold (Table 2), the combined model
had the highest standardized NB at all higher decision thresh-
olds for 6-month and 12-month risk horizons. Less consis-
tency occurred for the 3-month horizon. All models had nega-
tive standardized NB for horizons less than 3 months (results
not reported), implying that the number of true-positives was
so small relative to the number of false-positives that the ben-
efit of detecting and intervening to prevent suicides was out-
weighed by the cost of intervening with more than p/q false-
positives per suicide.

Predictor Importance

Significant cross-validated univariable associations (area un-
der the curve greater than 0.50) with 12-month suicide in the
training sample were found for 1666 base model predictors
(21.1%), 442 NLP predictors (24.1%), and 29 LexisNexis SDOH
predictors (6.6%) (Table 3). These predictors overlapped sub-
stantially, resulting in 80% of total model proportional SHAP
being captured by the 100 most important predictors in the
base model and 110 most important predictors in the NLP
model. Only those most important predictors and the signifi-
cant LexisNexis SDOH predictors (191 after excluding dupli-
cates across models) were used to estimate the combined
model.

Class-level proportional SHAP for these important predic-
tors in the combined model were highest for the NLP (64.0%)
and SDOH (49.3%) predictors and lowest for facility-level qual-
ity indicators (11.4%) (Figure 2). These proportional SHAP val-
ues sum to more than 100% because most patients had some
characteristics associated with increased suicide risk and oth-
ers associated with decreased suicide risk. The key NLP pre-
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Table 1. Estimated Area Under the Receiver Operating Characteristic Curve (AUROC)
and Area Under the Precision Recall Curve (AUPRC) Relative to the Suicide Rate
of the 5 Models Over a Range of Risk Horizons in the Prospective Validation Sample

Estimate (SE)

Risk horizon Lasso model Base model NLP model SDOH model Combined model
AUROC

1wk 0.642(0.271) 0.770(0.274) 0.721 (0.297) 0.775 (0.266) 0.777 (0.259)

1 mo 0.655 (0.146) 0.784 (0.132)? 0.756 (0.144)? 0.781(0.132)? 0.780(0.142)?
3 mo 0.657 (0.097) 0.763 (0.087)* 0.730 (0.097)* 0.756 (0.092)? 0.774 (0.089)?
6 mo 0.668 (0.073)? 0.744 (0.070)* 0.726 (0.072)* 0.743 (0.071)? 0.757 (0.071)?
12 mo 0.665 (0.059)? 0.728 (0.054)* 0.723 (0.057)* 0.726 (0.057)? 0.747 (0.057)?

Abbreviations: ICl, integrated

AUPRC relative to the suicide rate

calibration index; NLP, natural
language processing; SDOH, social

4.038 (0.415)° determinants of health.

4.996 (0.385)*
3.676(0.143)?
6.398 (0.680)?
5.342(0.339)?

4.955(0.807)*
4.342 (0.306)*
3.837(0.130)?
4.170(0.242)*
4.897 (0.293)*

2 Significantly higher than expected
by chance at P < .05; 1-sided test
when compared with a null model.

®|Cl relative to the suicide rate was
estimated only for the 12-month

1wk 1.556 (0.082)* 3.926 (0.393)? 3.489 (0.380)?
1 mo 1.675(0.077)* 5.026 (0.426)? 3.757 (0.224)?
3 mo 1.756 (0.050)* 3.671(0.144)? 3.285(0.123)?
6 mo 1.796 (0.032)? 3.750(0.146)? 3.688 (0.435)?
12 mo 1.859 (0.028)* 3.281(0.121)? 3.189 (0.201)?
ICl relative to the suicide rate®

Logistic 0.269 0.712 0.587

Isotonic 0.215 0.866 0.431

models, as the predicted values
from those models were used to
estimate prevalence over all shorter
risk horizons.

0.902
1.401

0.600
0.629

dictors (ie, the 5 highest proportional SHAP values) included
counts of the terms suicide attempt and suicide, both posi-
tively associated with suicide risk, and counts of several topic
clusters (2 of them including the word suicide), all negatively
associated with suicide risk. Component proportional
SHAP for SDOH was higher for LexisNexis (proportional
SHAP = 48.9%), geospatial (proportional SHAP = 48.4%), and
sociodemographic (proportional SHAP = 31.7%) variables than
patient-level ICD-9-CM/ICD-10-CM codes (proportional
SHAP = 8.4%). The key LexisNexis predictors included 4 vari-
ables negatively associated with suicide risk (high identity
fraud risk, derogatory public records, number of household
residents, and number of relative/associate households on rec-
ord) and 1 positively associated (patient income). Recent in-
come changes were considered but were not key predictors.
The key geospatial predictors, although involving disadvan-
tage either at the county or census tract levels, all had nega-
tive associations with suicide risk. The key sociodemograph-
ics included being Non-Hispanic White and most recently in
service after the September 11, 2001, attack (both positively
associated with suicide risk) and age, being Non-Hispanic Black,
and being Baptist (all negatively associated with suicide risk).

Interestingly, physical disorders had larger proportional
SHAP values (40.3%) than psychopathological risk factors
(34.2%). However, by far the single most important predictor
inthe physical disorder class was a count of medications clas-
sified by the FDA as increasing suicide risk prescribed in the
year before hospitalization. Four key psychopathological pre-
dictors were positively associated with suicide risk: suicidal-
ity diagnosed in the past year, number of suicide attempts in
the past 2 years, recent diagnoses of recurrent major depres-
sion, and recent antidepressant prescriptions. The fifth key psy-
chopathological predictor was negatively associated with sui-
cide risk: number of visits for tobacco-related disorders in
the past 2 years. Facility-level quality indicators had the low-
est effect (proportional SHAP = 11.4%), with the key predic-
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tors including past year staff turnover rate and ratio and driv-
ing time to the nearest VHA primary and tertiary care facilities.

|
Discussion

The objective of this study was to evaluate the effects of
adding predictors from clinical notes extracted using NLP
and from public records to a previously developed ML model
to improve model performance before using the model in an
experimental intensive postdischarge suicide prevention
intervention. Results showed clearly that both types of pre-
dictors improved model prediction accuracy. We also carried
out an analysis that documented a positive NB of the
preferred model for plausible decision thresholds over risk
horizons between 3 and 12 months. Although numerous
prior studies used ML methods to predict suicides from elec-
tronic health records,**7 suicides after hospital discharges
were only seldom the focus,®® making it difficult to draw
direct comparisons between our results and those of prior
studies.

Our finding of positive NB speaks directly to the criti-
cism that suicide prediction models are not actionable given
the rarity of suicides among high-risk patients.>°** As we”-44
and others*>+® have noted elsewhere, this criticism is mis-
placed because it focuses on the rarity of the outcome,
whereas a more appropriate focus is NB. The positive NB we
found is broadly consistent with findings in other areas of
medicine that interventions for relatively rare but severe
outcomes are actionable when the benefits of preventing the
outcome far exceed the costs of intervention. For example,
statins are recommended for adults aged 40 to 75 years with
mildly elevated total cholesterol levels even though preva-
lence of extreme cardiovascular events over a 12-month risk
horizon at the intervention decision threshold specified for
statin use is no higher than prevalence of suicide at the deci-
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Table 2. Estimated Net Benefit (NB) of the 5 Models Over a Range of Decision Thresholds and Risk Horizons in the Prospective Validation Sample

%

12 mo 6 mo 3mo
Decision Total Total Total
threshold? sample  True-positives Standardized NB sample  True-positives Standardized NB sample  True-positives Standardized NB
150/100 000
Treatall 100 100 42.9 100 100 8.3 100 100 55259
patients
Lasso model 60.5° 83.0° 48.4° 60.5° 84.9° 29.5° 60.5° 82.3° -10.1°
Base model 859 69.2 49.2 35.2 722 40.1 29.9° 71.4° 25.9°
NLP model 304 61.8 445 304 61.2 334 304 62.6 16.2
SDOH model 100° 100° 42.9° 23.8 56.7 350 238 60.5 24.2
Combined 100° 100° 42.9° 17.6 51.8 35.8 17.6 52.4 55
model
200/100 000
Treatall 100 100 23.8 100 100 5203 100 100 -103.9
patients
Lasso model 60.6 83.0 36.8 36.2° 56.3° 1228 36.2° 54.4° —19:38
Base model 294 61.8 3085 29.4 6553 294 117498 49.0° 12:5"
NLP model 304 61.8 38.8 304 61.2 24.2 304 62.6 0.7
SDOH model ~ 23.0 53.4 36.0 2350 56.3 28.3 23.0 59.9 13.0
Combined 40.7° 75.6° 44.7° 17.6 51.8 304 17.6 524 16.6
model
300/100 000
Treatall 100 100 -14.3 100 100 -83.6 100 100 -206.2
patients
Lasso model 115.88 8510 ili781E 15.4 3319 5.6 15.4 32.0 =153}
Base model 10.1 30.0 18.5 10.1 343 1158 10.1 354 45
NLP model 173 42.5 27:8 6/ 28.2° 15.9° 678 29.9° 9.4°
SDOH model 18.9 46.3 24.8 18.9 49.4 14.9 il g1l 10.2° 6.8°
Combined 12.1 40.2 26.5 12.1 41.6 19.6 4.8° 25.28 10.5°
model
400/100000
Treatall 100 100 25216 100 100 -145.1 100 100 -308.7
patients
Lasso model 742 18.6° 730 7.4° 17318 —1.0° 7.4° 1772 -12.6°
Base model 10.1 30.0 14.7 10.1 343 9.6 Gl 230 Sl
NLP model 17.3 425 16.2 1.0° 7.3P 4.9° 1L 75 3.4°
SDOH model 11.1 321 1152 11.1 36.7 9.6 0.8° 820 4.8°
Combined 12231 40.2 21189 1201 41.6 1122 ot 1928 4.4>
model
500/100 000
Treatall 100 100 =CIL(0) 100 100 -206.6 100 100 -411.4
patients
Lasso model 4578 19291 3i3E 3.7 8.6 -2.8 3 8.8 -10.1
Base model 99 2915 10.8 43P 18.4° 5.2° 43P 19.0° -2.9°
NLP model 11.6 331 11.0 05° 3:3b 1.8° 0.5° 3.4° 1.0°
SDOH model 11.1 321 10.9 072 6.9° 4.7° 078 6.8° 2Ll
Combined 4.4 2749 14.6 4.4 234/ 1053 1:38 8h 1.6°
model

Abbreviations: NLP, natural language processing; SDOH, social determinants

of health.

2 For each decision threshold, the assumption is that the decision to implement
a preventive intervention would be made only with patients who had a

predicted risk above the threshold. See the eMethods in Supplement 1
for a discussion.

P ogistic calibration. All others were isotonic calibration.

sion thresholds over the same risk horizons that we consid-
ered here.*” Furthermore, postdischarge interventions, such
as case management for patients at high suicide risk, have
other benefits besides suicide prevention.*®

The fact that NB was negative over short risk horizons, in
comparison, is broadly consistent with previous research on

jamapsychiatry.com

imminent risk of suicidal behaviors.*® Importantly, though, this
negative NB was not because our model did not predict im-
minent risk. Quite the contrary: AUROC was 0.777 for 1-week
suicides. The negative NB instead reflected the high number
of false-positives over short risk horizons relative to the num-
ber of true-positives. For example, a 1-week risk model with
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Table 3. Predictors Used in the Analysis

Distribution
of potential predictors

Proportion and distribution
of statistically significant predictors

Proportion and distribution
of combined model predictors

Distribution,

Proportion, Distribution, Proportion, Distribution,
0, o,

Predictor No. %2 No. %° 5 No. %P o
Total 10181 100 2137 21.0 100 191 8.9 100
Psychopathological risk factors

Diagnoses 3364 3510 649 11953 304 12 1.8 6.3
Treatments 224 222 80 3587 3.7 11 13.8 5.8
Suicidality 46 0.5 38 82.6 1.8 4 10.5 22l
Total 3634 357 767 AL 359 27 3.5 14.1
Physical disorders

Diagnoses 3716 36.5 666 175) 31.2 22 353 11.5
Treatments 230 23 96 41.7 45 7 753 B
FDA medications increasing suicide risk 28 0.3 21 75.0 1.0 3 14.3 1.6
Total 3974 39.0 783 19 36.6 32 4.1 16.8
Facility-level quality indicators

Total 6 0.1 6 100 0.3 4 66.7 230!
SDOH*

Geospatial indicators 90 0.9 58 58.9 2.5 33 62.3 173
LexisNexis public records 442 4.3 29 6.6 1.4 29 100 11501
Patient-level factors 174 1.7 40 23.0 1.9 6 15.0 3.1
(ICD-9-CM/ICD-10-CM codes)

Sociodemographic characteristics 24 0:2 17 70.8 0.8 9 52:9 4.7
Total 1733 7)) 142 19.4 6.6 80 5653 41.9
NLP term/topic frequency

Terms 1687 16.6 344 20.4 16.1 24 7.0 12.6
Topics 150 L5 98 100 4.6 27 100 14.1
Total 1837 18.0 442 24.1 20.7 51 LS 26.7

Abbreviations: FDA, US Food and Drug Administration; ICD-9-CM, International Classification of Diseases, Ninth Revision, Clinical Modification;
ICD-10-CM, International Classification of Diseases, Tenth Revision, Clinical Modification; NLP, natural language processing; SDOH, social determinants of health.

2 Entries in the distribution columns represent the contribution of predictors in the row heading to the total in the column. The percentage estimates in each

distribution column sum to 100%.

P Entries in the proportion column represent the proportion of variation in the prior column for the same row that continue to exist in the current column.
For example, the 649 significant psychiatric diagnoses in the first row and second column represent 19.3% of all the 3364 psychiatric diagnoses included
in the initial potential predictor set, and the 12 psychiatric diagnoses in the final predictor set represent 1.8% of those 649 significant predictors.

€ Three of the NLP variables in the predictor set for the Combined model are included in this total as well as in the NLP total. One is the term trauma.
The other 2 are topics in which the prominent terms are either homeless/shelter/homelessness/lack of housing or divorce/stressors.

75% sensitivity at 95% specificity, which would be consid-
ered excellent based on conventional criteria,?* would result
in roughly 6000 false-positives for every true-positive, given
thelow 1-week prevalence of postdischarge suicides. No plau-
sible cost-effectiveness scenario would justify implementing
an intensive case management program if the only goal was
to prevent suicides over such a short horizon.?° Fortunately,
though, the model to predict 12-month suicides was also op-
timal for predicting imminent suicide risk, making it unnec-
essary to focus on separate segments of the patient popula-
tion for short-term and longer-term prevention. This discovery
isavaluable contribution to the field in that it both documents
that prediction of imminent risk can be improved by using a
longer risk horizon and shows that the cost-effectiveness of
intervening with patients at high imminent risk could be in-
creased to the extent that the intervention might reduce
suicides over a much longer risk period.

Our finding that NLP and LexisNexis SDOH variables im-
prove model prediction accuracy is broadly consistent

JAMA Psychiatry March 2023 Volume 80, Number 3

with prior studies of NLP and SDOH variables predicting
suicide,®*°->3 although to our knowledge, no prior studies in-
vestigated these associations among postdischarge psychiat-
ric inpatients. Four results about these predictors are espe-
cially noteworthy in terms of potential clinical implications.

First, although the importance of SDOH predictors sup-
ports the recent emphasis on targeting SDOH for suicide
prevention,®*® caution is needed in interpreting these asso-
ciations unequivocally as being causal given that modifiable
SDOH predictors could also be noncausal risk markers.>”
Second, the low proportional SHAP of psychopathological
variables is most plausible interpretated as due to con-
strained variance in that all inpatients have serious psychiat-
ric problems. This might also help explain the third notewor-
thy result: that many predictors typically considered risk
factors for suicide had significant negative associations with
suicide among recently discharged psychiatric inpatients
(eg, pain-related physical disorders; NLP topics involving
homelessness, substance use disorder, and bipolar disorder;
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Figure 2. Dominant Direction of Association With Suicide and Proportional Mean Absolute Shapley Additive
Explanations (SHAP) Values of Key Predictors of the Combined Model in the Prospective Validation Sample®?

Dominant
direction of Proportional mean
Predictor association? absolute SHAP value
1. Psychopathological risk factors
Suicidality diagnosis in the past 1y +
No. of Tobacco-related visits in the past 2 y -
Recurrent major depression diagnosis in the past 2 mo +
No. of Suicide attempts in the past 2 y +
No. of Antidepressent prescriptions in the past 2 mo +
Total

2. Physical disorders
No. of FDA medications increasing suicide risk in past 1y +
No. of Abdominal/bowel pain visits in past 2 y -
No. of Pain-related procedures in past 5 y -
Limb pain diagnosis in the past 1y -
Acute bronchitis in the past 5 y -

Total

3. Facility-level quality indicators
Staff turnover ratio (No. who left/No. hired) +
Driving time to nearest VHA tertiary care facility +

Staff turnover rate (No. who left) -

Driving time to nearest VHA primary care facility +

Total

4. Social determinants of health

A. Geospatial indicators
County HIV rate -
County mean days with poor health in the past 1 mo -
County Medicaid eligibility rate -
County opioid prescription rate -
Census tract unsheltered houseless rate -
Total

B. Sociodemographic characteristics
Non-Hispanic Black -

Age -
Period of service after September 11, 2001, attack +
Non-Hispanic White +
Baptist religion -
Total

C. LexisNexis public records
High identity fraud risk -
Count of derogatory public records lifetime -
Annual patient income in the last 2 y +
Count of household residents -
Count of relative/associate households -
Total

5. NLP term/topic frequency

Suicide attempt (term) +

Houseless, shelter, alcohol, depression, financial (topic) -

Suicide (term) +

Cocaine, heroin, suicide, houseless, alcohol (topic) -

Mania, bipolar, pain, suicidal (topic) -

Total

Number of US Food and Drug
Administration (FDA) indicates the
total number of different medications
prescribed with suicide as an adverse
reaction in Boxed Warning, Warnings
and Precautions, or Adverse
Reactions sections of the FDA drug
labeling document in the 1year
before hospitalization. Term indicates
a count of the number of times a
specific 1-, 2-, or 3-word string was
mentioned in clinical notes over the
12 months prior to and during the
hospitalization. Topic indicates a
weighted (by distance of the term
profile from the centroid of the topic)
count of the number of times a series
of terms defined by a multivariate
term profile based on a Latent
Dirichlet Allocation was mentioned in
clinical notes over the 12 months prior
to and during the hospitalization.
NLP indicates Natural Language
Processing; VHA, Veterans Health
Administration.

2 SHAP values for a specific predictor
can differ for patients having the
same score on the predictor
because of interactions with other
predictors, leading to variation in
the sign of the association between
the predictor and the outcome.
The dominant direction of
association recorded in the figure
was based on visual inspection of
the bee swarm plot in the eFigure
in Supplement 1.

b Key predictors are defined as the
5 predictors in each class with the
highest mean absolute SHAP values.
See eTables 1-4 in Supplement 1for

o -

20 40 60 a more detailed description of the
predictor variables.

public records involving fraud risk and derogatory public
records), whereas income was positively associated with sui-
cide risk. It is noteworthy that these predictors have the
same signs in their zero-order associations with suicide
among recent inpatients, whereas these zero-order associa-
tions are generally the opposite sign in the larger VHA popu-
lation. At least 2 possibilities exist for this pattern: (1) the

jamapsychiatry.com

clinical severity threshold might be lower for hospitalizing
patients with these disadvantaged characteristics than other
patients due to these disadvantaged characteristics them-
selves increasing probability of hospitalization, resulting in
lower suicide risk among hospitalized patients with these
characteristics and/or (2) postdischarge interventions are
more intensive for patients with these disadvantaged char-
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acteristics than other patients. Both possibilities warrant fur-
ther study given their implications for changing clinical
practice guidelines. Fourth, the highest positive variable-
level proportional SHAP was for a count of medications pre-
scribed to the patient in the prior year classified by the FDA
as increasing suicide risk. It was impossible to disaggregate
this association to specific medications given that each
medication was prescribed only rarely, but it is noteworthy
that other potential predictors that did not have strong pro-
portional SHAP values were counts of prescribed antidepres-
sants and other types of psychotropic medications. Further
disaggregation of these medications might be possible in the
total VHA patient population, though, and should be carried
out in future studies.

Limitations

This study has limitations. First, absence of consensus on the
minimum level of risk needed to justify implementing an ag-
gressive suicide prevention intervention made it impossible
to select a single decision threshold for the NB analysis. Pre-
senting results across a plausible range of thresholds, as we did
here, is recommended in cases where such uncertainty exists.3°
Second, generalization beyond the VHA is likely to be low

Evaluation of a Model to Target High-risk Psychiatric Inpatients for a Postdischarge Suicide Prevention Intervention

because of the unique characteristics of veterans, the com-
paratively high access to high-quality care enjoyed by VHA
patients, and the fact that some administrative predictors in
our model are unavailable in health systems other than the
VHA. Third, prospective generalization within the VHA over
time is also uncertain, as the model was trained and vali-
dated during years well before the COVID-19 pandemic and
the changes in health care associated with the pandemic.
We will be able to investigate this issue by applying the model
to the training sample of our trial.

.|
Conclusions

Within the context of these limitations, we found that im-
provements could be made to a standard ML model for postdis-
charge suicides by adding predictors extracted from clinical
notes and public records. The expanded model had positive
NB at plausible decision thresholds for risk horizons of 3
to 12 months. Several results regarding important predictors
might have clinical implications, but further research is needed
on these possibilities before such implications would
be actionable.
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