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Abstract

Objectives: Individual-level information about negative life events (NLE) such as bankruptcy, foreclosure, divorce, and criminal arrest might
improve the accuracy of machine learning models for suicide risk prediction. Individual-level NLE data is routinely collected by vendors such as
Equifax. However, little is known about the acceptability of linking this NLE data to healthcare data. Our objective was to assess preferences for
linking external NLE data to healthcare records for suicide prevention.

Materials and Methods: \We conducted a discrete choice experiment (DCE) among Kaiser Permanente Washington (KPWA) members. Patient
partners assisted in the design and pretesting of the DCE survey. The DCE included 12 choice tasks involving 4 data linking program attributes
and 3 levels within each attribute. We estimated latent class conditional logit models to derive preference weights.

Results: There were 743 participants. Willingness to link data varied by type of information to be linked, demographic characteristics, and expe-
rience with NLE. Overall, 65.1% of people were willing to link data and 34.9% were more private. Trust in KPWA to safeguard data was the
strongest predictor of willingness to link data.

Discussion: Most respondents supported linking NLE data for suicide prevention. Contrary to expectations, People of Color and people who
reported experience with NLEs were more likely to be willing to link their data.

Conclusions: A majority of participants were willing to have their credit and public records data linked to healthcare records provided that condi-
tions are in place to protect privacy and autonomy.

Lay Summary

Information about life events such as bankruptcy, foreclosure, and divorce might improve our ability to predict who is at risk of making a suicide
attempt. Such information is routinely collected by credit bureaus and could be linked to healthcare records. But, little is known about whether people
find this data linkage acceptable. This study asked people to choose which data management strategies they prefer. Of the 7720 people asked to
complete the survey, 743 people responded. Preferences varied by demographic characteristics such as age, race, and experience with negative life
events. Overall, about 65% of people reported that they would be willing to have their data linked provided certain safeguards were in place. The
most important factor in a person being willing to have their data linked was how much they trust Kaiser Permanente to protect their information.
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Introduction these errors may arise because the models rely exclusively on
Machine learning algorithms designed to predict suicide risk predictors from healthcare data. Adding risk factor informa-
can accurately identify people at high risk of making a suicide tion from data generated outside healthcare that captures
attempt'™ and be used to target prevention programs such as  negative life events (NLEs)—such as bankruptcy, foreclosure,
Zero Suicide.’ Prediction models are already part of routine divorce, and criminal arrest—may improve predictive accu-
suicide prevention in health systems such as Kaiser Perma- racy by capturing circumstances that can precipitate a suicide
nente Washington (KPWA), HealthPartners, and the Veter- attempt in vulnerable people. Using this information may
ans Health Administration.® However, about 1 in § suicide enable earlier and more targeted suicide prevention pro-

attempts is made by people with low predicted risk.> Some of ~ grams.””
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It is now possible to purchase NLE and other social risk
factor information from vendors such as Equifax'® and
Experian'! and link them, at the individual level, to health-
care data."®'? However, stakeholders have expressed con-
cerns about access to risk information (eg, privacy, data
breaches, and misuse of the data to raise healthcare insurance
premiums) and stigma, as well as unanticipated harms.'*
These concerns are warranted. The exact features that make
these data potentially useful to identify risk of suicide attempt
are the features that raise concern—they are about things
that can make people feel ashamed, isolated, and burdensome
to others. We are the first to provide evidence on the prefer-
ences for linking healthcare data to social determinants of
health data (and NLE data in particular) that are routinely
collected outside healthcare settings.

The purpose of this study was to elicit the opinions and
preferences of KPWA members regarding the linkage of
external data sources to healthcare records for the purpose of
improving suicide risk prediction and alerting clinicians or
others regarding potential risk. We hypothesized that people
may be willing to have their information linked for suicide
prevention if measures are in place to protect their privacy
and control over their personal information. We also
hypothesized that people may be heterogeneous in their will-
ingness to link data based on lived experiences with mental
health issues and financial, gender, and legal discrimination.
We further sought to provide evidence for the acceptability of
using these types of data to incorporate NLEs and other
social determinants of health in machine learning models
more generally. This is one use case of a much larger set of
questions about potentially beneficial uses of sensitive infor-
mation—and how we can possibly understand and honor
people’s preferences.

Methods

Setting

The study was conducted at KPWA, a large integrated health
system serving approximately 700 000 members in Washing-
ton and Idaho. Members are generally similar to the regional
population in distribution of age, sex, income, educational
attainment, and race/ethnicity.!> Members are enrolled
through a mixture of employer-sponsored insurance, individ-
ual insurance plans, Medicare, Medicaid, and other subsi-
dized insurance programs for low-income residents. KPWA
provides care through an internal group practice and a net-
work of contracted external providers. This study was
approved by the Kaiser Permanente Interregional Institu-
tional Review Board.

Population

A stratified random sample of 7720 members was drawn
from the currently enrolled member population between
October 2022 and March 2023. Males; Black, Indigenous,
and people of color (BIPOC); and members with a mental
health diagnosis were sampled at twice the population preva-
lence. Oversampling was conducted to ensure the diversity of
the final sample and to ensure that the preferences of people
who may regard these data as most stigmatizing or unfair
were included in the study.
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Partner input

A group of 3 patient partners from the Mental Health
Research Network'® assisted in the design and pretesting'” of
the survey including feedback on the introductory explana-
tion of the study, domains of concerns people have about
linking data, number of questions included, appropriateness
of language, and clarity of the discrete choice tasks.

Survey design

Following partner input, we designed a discrete choice
experiment (DCE). DCEs are a quantitative approach to elic-
iting and measuring preferences. DCE studies use survey
instruments and involve presenting participants with compet-
ing products or services that have a set of attributes and levels
within each attribute. Different combinations of attributes
and attribute levels are presented to participants who then
choose which product/service they prefer based on the combi-
nation of attributes. By repeating this choice task over many
combinations of attributes, participants reveal the relative
importance of attributes and attribute levels. The DCE in this
study included 4 data linking program attributes and 3 levels
within each attribute: type of information (financial informa-
tion, legal information, and family information), specificity
of suicide risk alert (specific life event prompting a suicide
risk alert, area of concern only, and no detail), person noti-
fied of elevated suicide risk (Dr notified, patient notified, Dr
and emergency contact notified), and permission for data use
frequency (permission once, permission annually, and per-
mission every time data are accessed).

The survey also asked a variety of questions apart from the
DCE. First, we asked participants how acceptable it is to link
financial, legal, and family information in the absence of any
specific program attributes. There were also questions con-
cerning respondents’ experience with mental health issues,
suicide attempt(s), financial setbacks, legal problems, and
family court. Questions also covered the degree to which
respondents trust KPWA to protect their personal health
information and financial information. Demographic data
were collected at the end of the survey. Finally, respondents
were asked to rate the ease of understanding and completing
the survey, the degree to which their answers reflect their real
preferences, and the degree to which the survey questions
were relevant to them. A copy of the survey is available as
online Supplementary Material.

Experimental design

The experimental design and conduct of the DCE followed
the best-practices checklist outlined by the International Soci-
ety for Pharmacoeconomics and Outcomes Research.'®!”
Ngene was used to create a balanced design with zero priors
and low correlation across attribute levels.”’ The design was
D-efficient with no overlap across attribute-levels. All attrib-
utes were assumed to be categorical. The design was gener-
ated for estimating main preference effects across attributes.
The design included 12 choice tasks, within standard range
of common practice.”"***> A similar experimental design has
been used successfully in other DCEs.***° Figure S1 shows
an example of one of the choice tasks.

Survey administration

The survey instrument was implemented online using
Illume.?® Potential respondents were mailed a letter describ-
ing the purpose of the survey, a description of the data that
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might be linked in any future application, an example DCE
question, a “cheat sheet” of definitions of the attributes to be
compared in the DCE (for reference while completing the sur-
vey online), contact information for the study leaders and a
unique link to the online survey. Letters were sent in waves of
520 per week between October 2022 and March 2023. A
random sample of 120 people in each wave was selected for
telephone outreach. If reached by phone, study staff
reminded participants of the letter, asked for an email, and
emailed the survey link if the participant agreed. Study staff
left reminder voicemails if a participant could not be reached.
Participants were offered a $25 incentive to be mailed upon
completing the survey.

Statistical analysis

Choice variables were effects coded.””*’ The reference
choices for each attribute were: family information, alerts
with no details, notification of risk to Dr and emergency con-
tact, and permission asked every time data are accessed.

We estimated latent class conditional logit models®**! to
derive the preference weights for each attribute level com-
pared to the reference level. Each model assumes that individ-
uals belong to one of C groups where each group has their
own preferences. The output consists of each group’s prefer-
ence weights, as well as membership allocation parameters
that describe which group a given individual is likely to be in.
Models were estimated with 4, 3, and 2 groups with the final
grouping determined by the fit of the model (as measured by
the Akaike Information Criterion or AIC) and intelligibility
of the classes. Class membership was estimated as a function
of age, gender, race, experience with mental health issues, the
importance of program attributes, and trust in KPWA to pro-
tect their personal health information and financial informa-
tion. All models were estimated using STATA version 17.%?
Descriptive statistics were calculated to identify differences in
sub-populations of people.

Results

There were 743 respondents who completed or partially com-
pleted the survey (9.6% response rate). Median time to com-
plete the survey was 15 minutes with an interquartile range
between 10 and 24 minutes. There were 687 respondents
who completed at least 1 discrete choice task (92.5%) and
were therefore included in the DCE models. There were no
significant differences in the demographic characteristics of
respondents excluded from the DCE analysis.

Table 1a shows the preference weights from the latent class
conditional logit model. Two classes of people were identi-
fied, which we label the Willing and the Private. The model
with 2 classes had the lowest AIC and strongest face validity.
The strongest driver of preferences between the 2 groups was
the preference for using healthcare data only. The preference
weight for healthcare data only is much larger than other
weights for both groups. While the preference weight is about
the same magnitude in each group, the sign is opposite; these
results imply that the Private had a strong preference for
using healthcare data only, whereas the Willing had a simi-
larly strong preference for the use of expanded information.
About 65% of people fall into the Willing group and 35%
into the Private group. The groups were balanced with
respect to demographic characteristics (see Table S1).

3
Table 1. (a) Latent class conditional logit model results.
Willing Private
Proportion of 65.1% 34.9% BB,
respondents
Variable B SE B SE z P>z
Healthcare data -2.089 0.092 2.585 0.102 -51.61 <.001
only
Financial -0.164 0.026 -0.361 0.088 212 .034
information
Legal information  -0.023 0.026 -0.043 0.087 0.21  .831
Family 0.187 0.025 0.404 0.074 -2.74 .006
information
Alert specific 0.041 0.024 -0.038 0.080 0.94 .348
reason
Alert area of 0.100 0.024 -0.053 0.075 1.94 .052
concern
Alert no detail -0.141 0.025 0.091 0.073 -3.01 .003
Notify patient 0.014 0.026 0.680 0.089 -7.12  .000
Notify Dr 0.121 0.025 0.131 0.087 -0.11 .913
Notify Dr + -0.135 0.026 -0.811 0.127 5.20 .000

emerg. contact

Permission once -0.251 0.027 -0.298 0.087 0.51 612

Permission 0.077 0.026 0.122 0.079 -0.53 .594
annually

Permission every 0.174 0.032 0.176 0.089 -0.02 .984
time

(b) Predictors of membership in the Willing group.

Variable B SE P> |z|

Trust to protect external data 2.121 0.221 <.001
(high vs low)

Importance of person notified -0.770 0.190 .000
(high vs low)

Importance of permission (high vs 0.734 0.151 <.001
low)

Detail change acceptability (yes vs -0.306 0.133 .021
no)

BIPOC vs Non-Hispanic White 0.285 0.213 181

Gender (female vs male) -0.264 0.201 .190

Mental health experience (yes vs 0.186 0.243 442
no)

Age (years) -0.017 0.006 .009

Constant 0.451 0.651 488

The coefficients B in (a) relate to the log-odds of 1 DCE choice over
another. The coefficients B in (b) relate to the log-odds of membership in
the Willing group over the Private group.

Abbreviation: DCE, discrete choice experiment.

Differences in preference weights also exist for all the
attributes except frequency of permission. Respondents in
both groups preferred linking family information and this
was stronger in the Private group. Compared to suicide risk
alerts with no detail, respondents in the Willing group pre-
ferred an alert including area of concern without naming a
specific event. However, respondents in the Private group
preferred alerts with no detail. With respect to who would be
notified of suicide risk, respondents in the Private group pre-
ferred patient only, whereas people in the Willing group pre-
ferred Dr only.

Table 1b shows the factors associated with membership in
the Willing group. There are several significant predictors;
however, the strongest is whether the respondent trusts Kai-
ser Permanente to protect their financial, legal, and family
information. People who trust Kaiser Permanente to protect
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these data were twice as likely to be in the Willing group
compared to the Private group.

Table 2 shows the frequency that respondents endorsed
experiences with issues that might influence DCE choices. A
greater percentage of people in the Willing group had experi-
ence with suicide attempt(s), mental health issues, and serious
financial issues. There was no difference in personal experi-
ence related to serious legal issues or family court.

Table S2 further shows differences in the acceptability of
linking legal (eg, criminal arrest) and family court data
between BIPOC respondents and non-BIPOC respondents.
About 17% of BIPOC respondents felt linking legal data was
unacceptable; however, about 26% of non-BIPOC respond-
ents found linking such data unacceptable (P=.032). The
difference was stronger for family court data with 9.9% of
BIPOC respondents reporting linking such data unacceptable
compared to 19.3% of non-BIPOC respondents (P =.006).

Table 3 reports the frequency with which respondents
found it acceptable, potentially acceptable, or not acceptable
to link data outside healthcare in the absence of any specific
program attributes. Of all respondents, 67.4% found it
acceptable or potentially acceptable to link financial data.
Similarly, 76.6% of people found it acceptable or potentially
acceptable to link legal information and 81.6% family infor-
mation. However, the proportion of people in the Willing
and Private groups who endorsed acceptability was signifi-
cantly different across all information types.

We conducted sensitivity analyses where willingness to
have financial, legal, and family information linked is nested
within NLE experience. The pattern of acceptability when
comparing the Willing and the Private does not change by
NLE experience group. Generally, people in the Willing

Table 2. Have you had personal experience with one of these issues or
been personally impacted by someone who did?

Willing Private Overall
n % n % n %  PChisq.
Suicide attempt 239 49.3 95 36.8 334 45.0 <.001
Mental health 385 794 149 57.8 534 71.9 <.001
issue
Serious financial 241 49.7 93 36.0 334 45.6 <.001
issue
Serious legal 125 258 65 252 190 25.6 851
issue
Family court 130 26.8 59 229 189 254 241
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group are more likely to be willing to link their data if they
have experience with a particular NLE (see Tables S4-S6).

Table 4 shows the frequency with which respondents
endorsed their trust in KPWA to protect their personal health
information and their financial, legal, and family informa-
tion. Overall, 86.8% (n=645) of respondents reported that
they at least somewhat trust KPWA to protect their personal
health information and 73.3% (n=545) at least somewhat
trust KPWA to protect their financial, legal, and family infor-
mation. However, trust diverged greatly between the 2
groups. More than 80% (72=390) of people in the Willing
group reported trusting KPWA a fair amount or a great deal
to protect their personal health information whereas only
25% (n=48) of people in the Private group reported this
level of trust. Even more starkly, about 68% (n=329) of
people in the Willing group reported trusting KPWA a fair
amount or a great deal to protect their financial, legal, and
family information compared to only 3.2% (n=6) of people
in Private group.

A final measure of the acceptability of any data linking
program is the proportion of people who chose a combina-
tion of attributes other than “healthcare data only” as being
the most preferred for at least 1 of the 12 choice tasks. Over-
all, 84% (n=624) of people selected at least 1 combination
of data-linking attributes as the most preferred. However,
this differed between the Willing (91.8%) and Private
(69.4%).

Discussion

Machine learning and the availability of data regarding NLEs
may make it possible to have greater predictive power in
health systems’ efforts to target suicide prevention. While
there has been reluctance across stakeholders to move in this
direction (both for research and practice), the evidence from
this sample indicates that linking credit and public records
data to healthcare data for the purposes of suicide risk pre-
diction is socially acceptable. Most people who responded to
this survey support linking data for this purpose provided
certain conditions are in place to protect privacy and
autonomy; however, a little more than 1/3 of people prefer
that only healthcare data be used for risk prediction.

A second important finding is that people who have experi-
ence with mental health issues, suicide, and significant finan-
cial setbacks were more likely to be willing to link their data;
not less. We hypothesized that stigma associated with these
experiences might make people less willing to link data. It
appears that people with these experiences understand how

Table 3. Acceptability of linking data by type—naive to privacy controls. For you personally, how acceptable is it to use this information for suicide risk

prediction?
Financial information® Legal information® Family information®

Willing Private Willing Private Willing Private
Acceptability n % n % n % n % n % n %
Acceptable 128 26.5 25 9.7 203 41.9 56 22.0 282 58.6 70 28.2
Potentially acceptable 255 52.7 93 36.2 214 44.1 96 37.7 162 33.7 92 371
Not acceptable 101 20.8 139 54.1 68 14.0 103 40.4 37 7.7 86 34.7
Missing 1 - 1 - - - 3 - 4 - 10 -
Total 485 258 485 258 485 258

# P Chisq.<.001.
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Table 4. Trust in Kaiser Permanente to protect personal information. How much, if at all, do you trust Kaiser Permanente to protect your information?
Personal health information® Financial, legal, and family information®
Willing Private Overall
Trust KP n Y% n Y% n % n % n %
A great deal 155 32.0 12 6.3 125 25.8 S 2.7 130 19.4
A fair amount 235 48.4 36 19.0 204 42.1 1 0.5 205 30.6
Somewhat 92 19.0 56 29.5 153 31.5 3 1.6 156 23.3
Not much 3 0.6 68 35.7 0.6 112 60.6 115 17.2
Not at all 0 0.0 18 9.5 0.0 64 34.6 64 9.6
Missing 0 - 68 - - 73 - 73 -
Total 485 65.3 258 34.7 485 65.3 258 34.7 743 100
? P Chisq.<.001.

these data might improve risk prediction. Similarly, BIPOC
respondents were more likely to support linking legal and
family court data for suicide risk prediction. We hypothesized
that BIPOC respondents would regard these data as biased
and therefore be less willing to link these data because BIPOC
individuals have often been treated unfairly by the courts. It
is possible that BIPOC respondents recognize that biased
treatment by the court system could be a significant predictor
of suicide risk.

Looking at the results of the DCE, it appears that the fol-
lowing expanded data program might be sufficiently accept-
able to most people if it were to be operationalized:

* Link all the financial, legal, and family data available to
maximize prediction accuracy.

* Communicate any notification of increased risk to the

person’s doctor only to maximize privacy.

Only alert the doctor to an area of concern. For example,

“financial stress” rather than “bankruptcy.” This allows

the person to divulge whatever level of detail they choose

when their clinician opens a conversation.

* Obtain permission to access and link records every year at
open enrollment and make it easy for people to revoke
their consent. This gives people control over their
information.

In the introduction to the survey (see Supplementary Mate-
rials for the full survey), we also specified some rules that we
believe would need to be mandatory.

* No information about a person’s healthcare would be
released to credit agencies or public records or any other
entity.

* Using financial information would have no impact on

credit scores and would not generate a soft or hard “pull”

on a person’s credit.

Financial and public records data would never be used to

sell people insurance products, increase insurance premi-

ums, limit insurance coverage, or limit healthcare pro-
vided to anyone in any way.

Another consideration that the survey did not ask about
directly, but many respondents communicated in open-ended
questions, is that the acceptability of linking data is contin-
gent on the degree of improvement in risk prediction. Many
respondents were skeptical that these data could improve sui-
cide risk prediction and that their opinion would be more
favorable if they knew using these data would lead to fewer
suicide attempts. We plan to do this research. Questions

about operationalization and clinical workflow are moot if
the data do not improve risk prediction.

Thinking about operationalization, the nature of commu-
nication from clinicians and care teams about suicide risk
would need to be cautious. We envision improving the accu-
racy of machine learning models to correctly predict not only
who is at high risk of making a suicide attempt but also when
vulnerable people are at increased risk proximate to a NLE—
similar to proposals that would use social media data to iden-
tify suicide risk.** Newly developed models would augment
existing efforts that use machine learning to identify and
engage at-risk people in suicide prevention.>**> People iden-
tified as high risk would receive personalized outreach to
check in on their well-being or additional attention at the
point-of-care. Importantly, this approach would not focus on
imminent risk of suicide. The vast majority of people who
experience bankruptcy, divorce, foreclosure, and other major
NLEs do not attempt suicide. Thus, the nature of communi-
cation would be a non-demanding expression of care or
“caring contact”*® where a clinician expresses interest in a
person’s wellbeing and opens a conversation about what, if
anything, might be happening in their life that they want to
talk about. Caring contacts have been demonstrated to
reduce suicide attempts.>**

Developing and maintaining trust would be a critical com-
ponent for successfully linking credit and public records data
to healthcare data in a suicide prevention program. This
includes trust in the health system to protect people’s data
and in clinicians to use the information in ways that maintain
privacy and autonomy. This would require developing trans-
parency around data acquisition and use, clearly communi-
cating information security policies, and giving people
regular opportunities to revoke their permission to acquire
and use the data. It will be critical to use the results of this
study and prior qualitative studies**™*! to implement newly
improved models in a way that protects people from potential
harms and maintain trust.

Several limitations should be noted. First, we oversampled
KPWA members with documented mental health diagnoses
and BIPOC members. It is advisable to oversample if there are
hypothesized latent classes in the event that minority preferen-
ces belong to a specific latent class.”” When conducting latent
class analyses, diversity of sample is preferred over representa-
tion. We reasoned that some individuals would be more influ-
enced by stigma and/or unfair treatment by the systems
generating NLE data outside healthcare. Thus, while the demo-
graphic composition of the sample does not mirror the US pop-
ulation, oversampling allowed us to evaluate the preferences of
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BIPOC individuals with sufficient statistical power and to con-
duct latent class analyses. Moreover, any health system con-
templating the use of these types of data would want to
consider how the study population is similar to that health sys-
tem’s population, not to the US population. However, it is true
that generalizability of our findings to the US population as a
whole is unknown. We look forward to replicating the experi-
ment in other health systems as recommended by others** and
sharing the instrument for others to do so as well.

Second, the survey response rate was low compared to
some publication guidelines. However, our response rate was
comparable to other DCEs with response rates around 8%-
10%.* In DCE studies with higher response rates
(18.1%-24.1%), participants were offered unusually high
incentives ($60-$100 US).*¢

Third, there was perhaps a missed opportunity to ask
respondents directly about other factors that may have influ-
enced their preferences toward linking information, including
digital literacy, financial literacy, and education level. Famili-
arity with data security and privacy measures could certainly
impact preferences, though, previous studies that have exam-
ined the relationship between health literacy and preferences
report a high correlation in preferences between those with
high and low health literacy.*” We did ask respondents about
their experience completing the survey and most respondents
indicated the survey was easy to understand, easy to complete,
that their answers reflected their true preferences, and that the
questions were relevant to them (see Table S9). There was not
a statistically significant difference between the Willing and
the Private with respect to ease of understanding or ease of
answering. Respondents in the Private group were more likely
to strongly agree that their answers reflect their real preferen-
ces. Respondents in the Private group were also more likely to
strongly agree that the questions were relevant to them.

We also conducted sensitivity analyses to test whether peo-
ple with NLE experience reported different experiences vis-
a-vis completing the survey (ie, to test the potential that digi-
tal literacy was a confounder). We conducted Chi-square
analyses to measure the difference of proportions between
the survey experience questions and willingness to link data
but limited to people who endorsed experience within each
NLE, mental health issues, and suicidality (see Tables S10-
S$13). Again, there was no significant difference in propor-
tions except for the relevance question, where people endors-
ing experience with mental health issues were more likely to
report that the questions were relevant.

Fourth, we conducted this survey with respect to a specific
use case, where the risk of death may make respondents more
willing to link information. It is almost certain that people
have different willingness to link data for a life-or-death use
case. It would not be surprising that people are unwilling to
have their data linked for lower risk outcomes or use cases.
Further work is needed to address preferences for data link-
ing across the full spectrum of potential uses. If acceptable,
health systems would likely use these data for outcomes such
as psychiatric hospitalization, emergency department visits,
and for identifying people with social needs more generally.

In this study, we demonstrate the social acceptability of
expanding data sources to include credit bureau and public
records that improve the capture of NLEs and other social deter-
minants of health and may increase our ability to target suicide
prevention strategies in health systems. We also demonstrate
that this would be consistent with health system members’
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preferences. Our findings demonstrate the acceptability of con-
ducting research regarding how much these data might improve
risk prediction in real-world conditions. If successful, extensive
patient, clinician, and health system engagement will be vital to
supporting successful implementation of new models in a way
that respects people’s privacy and autonomy.

Acknowledgments

The authors are grateful for the input of patient partners in
the Mental Health Research Network.

Author contributions

Robert B. Penfold: Design of the study, funding acquisition,
analysis, and writing. Hong Il Yoo: Design of the statistical
approach, statistical analyses, and reviewing drafts. Julie E.
Richards: Design of the study, design of the DCE questions,
and leading stakeholder input. Norah L. Crossnohere: Design
of the DCE. Nicola B. Campoamor: Interpretation of results
and reviewing drafts. Eric Johnson: Design of the study and
statistical analyses. Chester J. Pabiniak: Data analysis and
reviewing drafts. Anne D. Renz: Study organization and review-
ing drafts. Gregory E. Simon: Design of the study, interpreta-
tion of results, and reviewing drafts. John F.P. Bridges: Design
of the DCE, interpretation of results, and reviewing drafts.

Supplementary material
Supplementary material is available at JAMIA Open online.

Funding

This study was funded by the National Institute of Mental
Health [1R56-MH125794-01A1 to R.B.P.]. J.F.P.B. holds an
Innovation in Regulatory Science Award from the Burroughs
Wellcome Fund.

Conflicts of interest

R.B.P. reports receiving research funding to his institution
from SAGE Therapeutics and the Lundbeck Foundation.

Data availability

Data are available from the National Data Archive through
the National Institute of Mental Health.

References

1. Kessler RC, Stein MB, Petukhova MV, et al.; Army STARRS Col-
laborators. Predicting suicides after outpatient mental health visits
in the Army Study to Assess Risk and Resilience in Servicemembers
(Army STARRS). Mol Psychiatry. 2017;22:544-551.

2. Kessler RC, Warner CH, Ivany C, et al.; Army STARRS Collabora-
tors. Predicting suicides after psychiatric hospitalization in US Army
soldiers: the Army Study to Assess Risk and rEsilience in Service-
members (Army STARRS). JAMA Psychiatry. 2015;72:49-57.

3. Simon GE, Johnson E, Lawrence JM, et al. Predicting suicide
attempts and suicide deaths following outpatient visits using elec-
tronic health records. Am J Psychiatry. 2018;175:951-960.

4. Coleman KJ, Johnson E, Ahmedani BK, et al. Predicting suicide
attempts for racial and ethnic groups of patients during routine
clinical care. Suicide Life Threat Behav. 2019;49:724-734.


https://academic.oup.com/jamiaopen/article-lookup/doi/10.1093/jamiaopen/ooae113#supplementary-data
https://academic.oup.com/jamiaopen/article-lookup/doi/10.1093/jamiaopen/ooae113#supplementary-data
https://academic.oup.com/jamiaopen/article-lookup/doi/10.1093/jamiaopen/ooae113#supplementary-data
https://academic.oup.com/jamiaopen/article-lookup/doi/10.1093/jamiaopen/ooae113#supplementary-data

JAMIA Open, 2024, Vol. 7, No. 4

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

Zero Suicide Institute. 2023. https://zerosuicide.edc.org/

Berg JM, Malte CA, Reger MA, Hawkins EJ. Medical records flag
for suicide risk: predictors and subsequent use of care among veterans
with substance use disorders. Psychiatr Serv. 2018;69:993-1000.
Chen T, Roberts K. Negative life events and suicide in the national
violent death reporting system. Arch Suicide Res. 2021;25:238-252.
https://doi.org/10.1080/13811118.2019.1677275.

Fairweather AK, Anstey KJ, Rodgers B, Butterworth P. Factors
distinguishing suicide attempters from suicide ideators in a com-
munity sample: social issues and physical health problems. Psychol
Med. 2006;36:1235-1245.

Liu RT, Miller I. Life events and suicidal ideation and behavior: a
systematic review. Clin Psychol Rev. 2014;34:181-192.

Equifax. Equifax Ignite. 2023. https://www.equifax.com/business/
product/ignite/

Experian. Consumer credit data. 2023. https://www.experian.
com/business/solutions/data-solutions/consumer-credit-data

Nau CL, Braciszewski JM, Rossom RC, et al. Assessment of dis-
ruptive life events for individuals diagnosed with schizophrenia or
bipolar I disorder using data from a consumer credit reporting
agency. JAMA Psychiatry. 2023;80:710-717. https://doi.org/10.
1001/jamapsychiatry.2023.1179.

Nau CL, Hong BD, Padilla A, et al. Social determinants of health
and disruptive life events among patients with schizophrenia or
bipolar disorder. Value Health. 2022;25:5288-S289.

Yarborough BJH, Stumbo SP. A stakeholder-informed ethical
framework to guide implementation of suicide risk prediction
models derived from electronic health records. Arch Suicide Res.
2023;27:704-717.

Davis AC, Voelkel JL, Remmers CL, Adams JL, McGlynn EA.
Comparing Kaiser Permanente members to the general population:
implications for generalizability of research. Perm J. 2023;27:
87-98.

Mental Health Research Network. About MHRN. 2023. https:/
mhresearchnetwork.org/

Campoamor NB, Guerrini CJ, Brooks WB, Bridges JFP, Crossno-
here NL. Pretesting discrete-choice experiments: a guide for
researchers. Patient. 2024;17:109-120.

Bridges JFP, Hauber AB, Marshall D, et al. Conjoint analysis
applications in health—a checklist: a report of the ISPOR good
research practices for conjoint analysis task force. Value Health.
2011;14:403-413.

Johnson FR, Lancsar E, Marshall D, et al. Constructing experi-
mental designs for discrete-choice experiments: report of the
ISPOR conjoint analysis experimental design good research practi-
ces task force. Value Health. 2013;16:3-13.

Choice Metrics. Ngene 1.3 User Manual and Reference Guide.
2021. https://www.choice-metrics.com/NgeneManual130.pdf
Bliemer MCJ, Rose JM. Construction of experimental designs for
mixed logit models allowing for correlation across choice observa-
tions. Transp Res B Methodol. 2010;44:720-734.

Soekhai V, de Bekker-Grob EW, Ellis AR, Vass C. Discrete choice
experiments in health economics: past, present and future. Value
Health.2018;21:5325.

Bridges JFP, Tsai J-H, Janssen E, et al. How do members of the Duch-
enne and Becker muscular dystrophy community perceive a discrete-
choice experiment incorporating uncertain treatment benefit? An
application of research as an event. Patient. 2019;12:247-257.

Tsai JH, Crossnohere NL, Strong T, Bridges JFP. Measuring mean-
ingful benefit-risk tradeoffs to promote patient-focused drug devel-
opment in Prader-Willi syndrome: a discrete-choice experiment.
MDM Policy Pract. 2021;6:23814683211039457.

Crossnohere NL, Fischer R, Vroom E, Furlong P, Bridges JFP. A
comparison of caregiver and patient preferences for treating Duch-
enne muscular dystrophy. Patient. 2022;15:577-588.

DATSTAT. Illume Next: The Next Era in Modern Research.
https://www.datstat.com/products/illume-next

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

Hauber AB, Gonzdlez JM, Groothuis-Oudshoorn CGM, et al.
Statistical methods for the analysis of discrete choice experiments:
a report of the ISPOR conjoint analysis good research practices
task force. Value Health. 2016;19:300-315.

Prosser LA. Statistical methods for the analysis of discrete-choice
experiments: a report of the ISPOR conjoint analysis good
research practices task force. Value Health. 2016;19:298-299.

Hu WY, Sun S, Penn J, Qing P. Dummy and effects coding variables
in discrete choice analysis. Am | Agric Econ. 2022;104:1770-1788.
Yoo HI Iclogit2: an enhanced command to fit latent class condi-
tional logit models. Stata J. 2020;20:405-425.

Yoo HI, Doiron D. The use of alternative preference elicitation
methods in complex discrete choice experiments. | Health Econ.
2013;32:1166-1179.

StataCorp. Stata Statistical Software: Release 17. StataCorp, LLC;
2023.

Burkhardt HA, Laine M, Kerbrat A, et al. Identifying opportuni-
ties for informatics-supported suicide prevention: the case of car-
ing contacts. AMIA Annu Symp Proc.2022;2022:309-318.
Richards JE, Yarborough BJH, Holden E, et al. Implementation of
suicide risk estimation analytics to support mental health care for
quality improvement. JAMA Netw Open. 2022;5:€2247195.
McCarthy JF, Cooper SA, Dent KR, et al. Evaluation of the recov-
ery engagement and coordination for health-veterans enhanced
treatment suicide risk modeling clinical program in the veterans
health administration. JAMA Netw Open. 2021;4:¢2129900.
Carter GL, Clover K, Whyte IM, Dawson AH, D’Este C. Postcards
from the EDge project: randomised controlled trial of an interven-
tion using postcards to reduce repetition of hospital treated delib-
erate self poisoning. BMJ. 2005;331:805.

Comtois KA, Kerbrat AH, DeCou CR, et al. Effect of augmenting
standard care for military personnel with brief caring text mes-
sages for suicide prevention: a randomized clinical trial. JAMA
Psychiatry. 2019;76:474-483.

Radin AK, Shaw J, Brown SP, et al. Comparative effectiveness of
two versions of a caring contacts intervention in healthcare
providers, staff, and patients for reducing loneliness and mental
distress: a randomized controlled trial. | Affect Disord.
2023;331:442-451.

Yarborough BJH, Stumbo SP, Schneider J, et al. Clinical
implementation of suicide risk prediction models in healthcare: a
qualitative study. BMC Psychiatry. 2022;22:789.

Richards JE, Whiteside U, Ludman EJ, et al. Understanding
why patients may not report suicidal ideation at a health care visit
prior to a suicide attempt: a qualitative study. Psychiatr Serv.
2019;70:40-45.

Yarborough BJH, Stumbo SP, Schneider JL, et al. Patient expecta-
tions of and experiences with a suicide risk identification algorithm
in clinical practice. BMC Psychiatry. 2022;22:494.

Bridges JF. Stated preference methods in health care evaluation: an
emerging methodological paradigm in health economics. Appl
Health Econ Health Policy. 2003;2:213-224.

Kettlewell N, Tymula A, Yoo HI. The heritability of economic
preferences. IZA Discussion Paper Series No. 16633. 2023.

van Helvoort-Postulart D, van der Weijden T, Dellaert BGC, et al.
Investigating the complementary value of discrete choice experi-
ments for the evaluation of barriers and facilitators in implementa-
tion research: a questionnaire survey. Implement Sci. 2009;4:10.
Watson V, Becker F, de Bekker-Grob E. Discrete choice experi-
ment response rates: a meta-analysis. Health Econ. 2017;26:
810-817.

Harrison GW, Lau MI, Yoo HI. Risk attitudes, sample selection,
and attrition in a longitudinal field experiment. Rev Econ Stat.
2020;102:552-568.

Schoenborn NL, Crossnohere NL, Janssen EM, et al. Examining
generalizability of older adults’ preferences for discussing cessation
of screening colonoscopies in older adults with low health literacy.
J Gen Intern Med. 2019;34:2512-2519.


https://zerosuicide.edc.org/
https://doi.org/10.1080/13811118.2019.1677275
https://www.equifax.com/business/product/ignite/
https://www.equifax.com/business/product/ignite/
https://www.experian.com/business/solutions/data-solutions/consumer-credit-data
https://www.experian.com/business/solutions/data-solutions/consumer-credit-data
https://doi.org/10.1001/jamapsychiatry.2023.1179
https://doi.org/10.1001/jamapsychiatry.2023.1179
https://mhresearchnetwork.org/
https://mhresearchnetwork.org/
https://www.choice-metrics.com/NgeneManual130.pdf
https://www.datstat.com/products/illume-next

© The Author(s) 2024. Published by Oxford University Press on behalf of the American Medical Informatics Association.

This is an Open Access article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits
unrestricted reuse, distribution, and reproduction in any medium, provided the original work is properly cited.

JAMIA Open, 2024, 7, 1-7

https://doi.org/10.1093/jamiaopen/ooael13

Research and Applications



	Active Content List
	Introduction
	Methods
	Results
	Discussion
	Acknowledgments
	Author contributions
	Supplementary material
	Funding
	Conflicts of interest
	Data availability
	References


