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Abstract 

Suicide is the 10th leading cause of death in the USA and globally. Despite decades of 
research, the ability to predict who will die by suicide is still no better than 50%. Traditional 
screening instruments have helped identify risk factors for suicide, but they have not provided 
accurate predictive power for reducing death rates. Over the past decade, natural language 
processing (NLP), a form of machine learning (ML), has been used to identify suicide risk 
by analyzing language data. Recent work has demonstrated the successful integration of a 
suicide risk screening interview to collect language data for NLP analysis from patients in 
two emergency departments (ED) of a large healthcare system. Results indicated that ML/NLP 
models performed well identifying patients that came to the ED for suicide risk. However, 
little is known about the clinician’s perspective of how a qualitative brief interview suicide 
risk screening tool to collect language data for NLP integrates into an ED workflow. This 
report highlights the feedback and observations of patient experiences obtained from clini-
cians using brief suicide screening interviews. The investigator used an open-ended, narrative 
interview approach to inquire about the qualitative interview process. Three overarching 
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themes were identified: behavioral health workflow, clinical implications of interview probes, 
and integration of an application into provider patient experience. Results suggest a brief, 
qualitative interview method was feasible, person-centered, and useful as a suicide risk 
detection approach.

Introduction
Suicide is the 10th leading cause of death in the USA and globally. Over 47,000 peo-

ple  nationally1 and 700,000  worldwide2 died by suicide in the last year. Despite decades of 
research, rates continue to rise as the ability to predict who will die by suicide remains elusive. 
A recent meta-analysis suggests that current methods of predicting risk for suicide death are 
no better than 50% or random chance.3 Theories abound about why people die by suicide — 
from  sociological4 to  biological5 to psychological.6–10 These theories aid in understanding 
risk factors for suicide but have not delivered adequate predictive models for reducing death 
rates, nor have they resulted in screening instruments that have adequate predictive value.3,11

Suicide risk predictive models are more complex than can be measured using traditional instru-
ments with a constrained number of risk factors. To accommodate this complexity, future suicide 
screening will require more sophisticated modeling techniques, accomplished with machine learning 
(ML). In the last decade, ML has been identified as the next necessary step in modeling complex 
risk factors,3 and different ML methods have been used to develop better screening techniques.3,12

Natural language processing (NLP), a form of machine learning, is a method used to iden-
tify suicide risk by analyzing language data.12 Studies analyzing language data collected from 
existing medical records or assessment transcripts have been successful in improving the 
prediction of future suicide attempts over traditional clinical care.13,14 Pioneering researchers 
in the  field15–17 developed the first NLP technology to accurately identify suicide risk from 
a corpus of suicide notes, then expanded to collecting speech data using real-time patient 
interviews in an emergency department. Obtaining a language sample in a clinical setting 
requires a brief interview; therefore, it must be integrated into the clinical workflow. Recent 
work has demonstrated the successful integration of a suicide risk screening interview to col-
lect language data for NLP analysis from patients in two emergency departments (ED) of a 
large healthcare system.18 Results from this study suggested that ML/NLP models performed 
well in identifying patients that came to the ED for suicide risk in an area of the country 
where speech dialects vary from language samples used in the original development of the 
technology.16 However, little is known about the clinician’s perspective of how a qualitative 
brief interview suicide risk screening tool to collect language data for NLP integrates into an 
ED workflow.

This report highlights user feedback and observations of patient experiences obtained from 
clinicians following a study using brief suicide screening interviews. This type of interview 
differs from standard care, which typically employs short, self-report, standardized scales to 
screen for suicide risk. Due to the differences in time and attention involved in administering 
the different screening tools, it is critical to understand if a qualitative screener can be suc-
cessfully implemented into an ED workflow and if there are barriers or benefits to a qualitative 
suicide risk screening process.
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Method
Data collection

This study was nested in a larger study conducted in two emergency departments in a major 
healthcare system in the Southeastern USA. Patients were randomly assigned to either a treat-
ment or control group (N = 70) based on results from a standardized suicide risk screener. Probes 
developed in previous  research16 about hopes, secrets, anger, fear, and emotional pain (called 
MHSAFE) were used by clinical staff to elicit emotional responses for NLP analysis in a 4–10-
min interview. The patient consent and probes were gathered through an application installed 
on computer tablets, and the tablets were used to record the entire patient interview. After the 
study was completed, three clinicians who administered the MHSAFE probes (suicidal patients 
only, N = 37) were interviewed to further assess feasibility, user experience, and perceptions of 
patient experience with the screening process. All three clinicians were masters-level trained 
mental health staff, with one being a team supervisor. The interviews lasted approximately 1 h 
each. The interviews were conducted and recorded using Zoom (a virtual interface), and audio 
files were transcribed using an online transcription service.

The investigator used an open-ended, narrative interview  approach19 prompting all three par-
ticipants with similar questions; however, the participant directed the content and flow of the 
response. The investigator began with a single question based on the topic area, such as behavio-
ral health workflow, use of the MHSAFE probes in the ED environment, and benefits and barri-
ers of the qualitative screening technique. The participants responded without any interruption, 
so they had control over what information they shared. The investigator then asked follow-up 
questions triggered by the participant’s response.

Data analysis

Verbatim transcripts were independently hand-coded by two investigators. Braun and Clarke’s19 
inductive, thematic approach was used for the following steps of data analysis: (1) transcribe the 
recordings, (2) generate initial codes, (3) search for initial themes, (4) review themes against the 
data, (5) define and name themes, and (6) produce the report. Through iterative theme-data checking 
and discussion, the investigators reached consensus on three overarching themes and subthemes. 
Microsoft Excel was used to organize data, codes, and themes.

Results
Overarching theme 1: Behavioral health workflow

The behavioral health clinicians were asked to describe their usual emergency department work-
flow to understand routine suicide risk assessment and triage process before implementing the 
MHSAFE probes. Overlapping content and themes from the team members were used to create a 
summary. According to the behavioral health clinician participants:

Upon arrival to the ED, all patients are first taken through the registration process. After registra-
tion and being medically cleared, patients are then given an abbreviated version of the Columbia-
Suicide Severity Rating Scale (C-SSRS),20 in which a high score triggers a consult from the behav-
ioral health department. Once the consult request is received, an assigned staff member reviews 
the patient’s medical history, lab work, and any notes regarding the patient’s current mental state. 
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Whether the patient is COVID-19 positive or in an outlying emergency room determines if they are 
seen through telehealth or in-person.

During the behavioral health consultation, the professional inquires into the patient’s symptoms 
and administers the full version of the C-SSRS. In addition to the suicide screening, the behavioral 
health professional conducts a brief psychosocial assessment. Following approval from the patient, 
the behavioral health professional will also seek out any potential collateral information from family 
members and friends. They then report their care recommendations to the attending doctor, who 
makes the final decision for care. The possible outcomes of the assessment include the possibility 
of discharge, voluntary commitment, or involuntary commitment to the psychiatric unit.

Overarching theme 2: Clinical implications of MHSAFE probes

Subtheme 1: Qualitative suicide screening elicits more clinically relevant information than the 
C-SSRS The three clinicians reported that using the MHSAFE probes helped the patients be 
more “forthcoming” about their emotions and mental health status. They all suggested that more 
information was obtained via use of the probes than standard screening. One clinician stated, “the 
probes are ‘interesting’, not what patients are used to being asked.” Another clinician reported, 
“the probes provided space for patients to open up more about their life and who they are.” Finally, 
another clinician said the patients were more likely to “pour their hearts out” and “shared way more 
than expected.”

Subtheme 2: Person-centered suicide screening All three participants reported that the use of 
open-ended probes to perform a suicide screening provided a more person-centered method than 
traditional standardized scales. One participant mentioned the patient “felt like what they were 
saying was important; felt seen and heard.” Another clinician mentioned that the “probes are not as 
‘accusatory’ as standardized scales may feel to patients, and the probes provide validation of what 
patients are experiencing and feeling.” Additionally, one clinician stated, “the probes allowed for 
both the patient and the interviewer to slow down and pace themselves” and the other reported, 
“the probes emphasize the patient’s point of view and honor the patient’s ‘core feelings’”. Other 
examples of patient centered screening include observations that there was “space for patients to 
open up more about their life and who they are” and “share more than they expected”.

Subtheme 3: Emotional pain probe triggers vulnerability Each of the clinicians acknowledged 
that the final probe about emotional pain was often difficult for the patient to discuss. The clinicians 
reported that when asking about emotional pain, they observed the patients’ vulnerabilities the most. 
One clinician mentioned that this probe “brought up strong emotions” and another stated that they 
needed to “find a way to de-escalate patients” after asking this probe.

Overarching theme 3: Integration of app into provider‑patient experience

Subtheme 1: Use of app The clinicians reported the app loaded onto the tablet was “intuitive and 
user-friendly,” although they also mentioned there were a few times that users had difficulty “sign-
ing in and had to sign in twice.” One clinician stated using the app “did not feel cumbersome or 
time-consuming” and that it was “smoothly integrated into the clinical process.”

Subtheme 2: MHSAFE probes as a non-traditional suicide screening method The MHSAFE probes 
do not ask directly about suicide (do not use the word “suicide” or “suicidal”). The clinicians stated 
that this method is helpful because it may identify folks who come in with needs not related to 
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suicide but are, in fact, suicidal. One clinician stated that the app could help identify patients “in 
the gray area, or those who may be malingering.” Another clinician asserted that this method of 
screening could “help catch signs of suicide that the professional is not already detecting.”

Discussion
Screening for suicide risk has become a standard of care,21 and the pace of the environment 

requires a brief and user-friendly tool. This study explored the feedback of mental health clinicians 
who participated in a larger research study investigating the use of a brief, qualitative interview 
to collect language data for NLP analysis to identify suicide risk. The feasibility of using such an 
approach is critical to understand given the time constraints of the ED workflow.

Currently, emergency departments typically use standardized instruments to identify suicide 
risk. These instruments conserve time, however, may not produce information concerning the driv-
ers of a patient’s suicide risk. Additionally, recent literature suggests these instruments may have 
inadequate predictive power in identifying who will later die by suicide.22,23 Therefore, additional 
approaches should be developed and tested to expand the options for medical and mental health 
clinics to improve risk response decision-making.

A qualitative screening technique emulates a brief assessment and will provide more information 
for clinical decision-making. Feedback suggests that the brief interview used in this study was not 
only acceptable to clinicians, but also feasible when integrated into the ED workflow. Lastly, the 
clinicians reported that more useful information was gleaned during the interview process, which 
may increase the value of the time spent over a standardized instrument.

Some limitations of this study are noted. Feedback from the patient population would be use-
ful in understanding the experience of this method of risk screening. It would also be helpful to 
glean insights into the differences between the use of a standardized questionnaire and a qualitative 
approach from the patient’s perspective. In addition, this study describes interviews with three 
behavioral health clinicians, which limits the generalizability of the findings. A larger number of 
user interviews could provide more breadth and depth of feedback. The study took place in one 
setting, and feedback from users in a variety of settings could also provide helpful information.

Implications for Behavioral Health
User feedback obtained by interviewers on the use of a brief qualitative interview to assess suicide 

risk yielded some encouraging results in terms of its potential usability in the ED. Three overarch-
ing themes emerged: behavioral health workflow, clinical implications of MHSAFE probes, and 
integration of app into provider-patient experience.

Regarding the workflow, clinicians reported that the application was feasible for integration in 
the emergency department. This feedback is important to consider, as most emergency room physi-
cians use behavioral health consultants to inform them on outcomes of suicide screening, and the 
screen should fit into the pathway of care.24 Additionally, questions loom about the effectiveness of 
employing standard suicide screeners in emergency departments.25 If a change is made to a qualita-
tive suicide screen interview approach, it is critical that it can be easily integrated.

The feedback from providers about use of MHSAFE probes suggests the prompts are more con-
ducive to sharing one’s emotions and being more forthcoming with information than standardized 
screeners. This could elicit important clinically relevant information not obtained from closed-
ended, dichotomous, survey questions. In addition, reports of the probes providing opening up 
and sharing about their life highlight the differences between this open-ended interview style and 
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traditional methods of conducting standardized scales, which are often self-report and ask directly 
about suicide. In a study of patients who did not disclose suicidal ideation to their healthcare pro-
vider and went on to make a suicide attempt within the next 60 days, listening and open expressions 
of caring were identified as qualities that would allow patients to be more forthcoming about their 
suicidal ideation.26 In addition, the feedback on increased emotional vulnerability suggests the 
probes are getting at a novel and possibly unique theme in suicide risk assessment. The emotional 
pain probe from the interview brought about “strong emotions” and is consistent with the Suicide 
Crisis Inventory (SCI), a recent suicide prediction measure with strong psychometrics, which has 
an emotional pain subscale.27 Additionally, Klonsky and May identified emotional pain as a key 
contributor to suicide risk in their Three-Step Theory (3ST) of suicide.28 Other themes suggest 
the use of an application is intuitive and does not distract from the interview process. It is timely, 
given the normality of the use of technology in medicine in the wake of the pandemic, to include 
technology in suicide prevention efforts.29

Conclusion
Although an emergency department relies on quick and concise diagnostic processes, feedback 

from mental health clinicians using a brief qualitative screener and tablet technology is feasible for 
this setting. Future directions will include expanding the use of MHSAFE to other settings and dif-
ferent populations and obtaining patient-level feedback for continuous improvement of the patient 
experience.
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