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Abstract

The Suicide Crisis Syndrome (SCS) describes a suicidal mental state marked by entrap-

ment, affective disturbance, loss of cognitive control, hyperarousal, and social withdrawal

that has predictive capacity for near-term suicidal behavior. The Suicide Crisis Inventory-2

(SCI-2), a reliable clinical tool that assesses SCS, lacks a short form for use in clinical set-

tings which we sought to address with statistical analysis. To address this need, a commu-

nity sample of 10,357 participants responded to an anonymous survey after which

predictive performance for suicidal ideation (SI) and SI with preparatory behavior (SI-P) was

measured using logistic regression, random forest, and gradient boosting algorithms. Four-

fold cross-validation was used to split the dataset in 1,000 iterations. We compared rankings

to the SCI–Short Form to inform the short form of the SCI-2. Logistic regression performed

best in every analysis. The SI results were used to build the SCI-2-Short Form (SCI-2-SF)

utilizing the two top ranking items from each SCS criterion. SHAP analysis of the SCI-2

resulted in meaningful rankings of its items. The SCI-2-SF, derived from these rankings, will

be tested for predictive validity and utility in future studies.

Introduction

Suicide is a major global health concern that resulted in over 700,000 deaths worldwide in

2019 [1]. Despite all prevention efforts, suicide is the second leading cause of death in the

United States among adolescents and young adults [2], and international suicide rates have

increased 30% between 1996 and 2016 [3]. Of note, the coronavirus disease 2019 (COVID-19)

has exacerbated this concern, as the pandemic has had negative impacts on psychopathology

and associated suicide risk factors, such as financial strain [4–8]. Unemployment alone could
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lead to a three-fold increase in suicide risk [9]. However, other studies show that there has

been a decrease in suicide risk especially during the first few months of the pandemic. Since

current methods of identifying those at risk for imminent suicide are ineffective [10–13], the

development of efficient and successful methods to preemptively identify at-risk individuals

and prevent suicidal behavior is both urgent and essential.

Current suicide risk assessment methods are based on patients’ self-report of suicidal idea-

tion (SI) [14–17]. However, literature on psychological autopsies of suicide decedents indicates

that up to 75% never disclosed their SI to anyone [3, 18]. Although some individuals con-

sciously try to hide their suicidal thoughts from their clinicians [19, 20] and are rather inclined

to disclose such thoughts anonymously to researchers [21, 22]. SI also varies in intensity,

meaning that others might not exhibit SI until minutes or hours before any suicidal behavior

[23–26]. Additionally, an impulsive or subconsciously intentional suicide attempt could occur

without any prior SI [27, 28]. Thus, new methods of identifying at-risk individuals for immi-

nent suicide must not rely exclusively on SI.

Assessment of short-term risk, Suicide Crisis Syndrome, and the

development of the Suicide Crisis Inventory and Suicide Crisis Inventory–2

The Suicide Crisis Syndrome (SCS), originally labeled the Suicide Trigger State (STS) [29], is a

suicidal, hyper-aroused, negative affective mental state that represents the las chain in a cas-

cade of psychological processes described by the Narrative Crisis Model of Suicide [NCM; 30–

32] does not include SI. The first factor analysis of the SCS revealed five factors. Factor one,

“frantic hopelessness,” described an unescapable feeling of entrapment and carried more than

50% of the predictive power for near-term suicidal behavior. Factors two to four were emo-

tional pain, ruminative flooding, panic/dissociation, fear of dying and carried less predictive

value [29, 33, 34]. The SCS was initially assessed using the Suicide Crisis Inventory (SCI), a

49-item self-report psychometric measure primarily used in research. The SCI demonstrated

good discriminant, convergent, predictive, and incremental validity over SI for short-term sui-

cidal behavior [35, 36].

More recently, two additional symptom domains—overarousal and social withdrawal—

were added to the SCI in order to improve its predictive validity for near-term suicidal behav-

ior [37]. The revised SCI-2 demonstrated excellent predictive validity for near-term suicidal

behavior [38–40] as well as excellent internal consistency and good convergent, discriminant,

and current criterion validity [38]. In both factor and network analyses, the 61-item SCI-2

grouped into five factors (i.e., entrapment, affective disturbance, loss of cognitive control,

hyperarousal, social withdrawal) and formed an interrelated network of symptoms with

entrapment as its core component [38]. This revised form of the SCI is the template for the

proposed suicide specific diagnosis of SCS [39, 41], currently under review by the American

Psychiatric Association steering committee for inclusion in the Diagnostic and Statistical Man-

ual (DSM).

In this context, the development of an SCI-2 short form (SCI-2-SF) is essential for clinical

use, as a brief assessment tool provides multiple advantages. Fewer questions can reduce the

burden felt by those administering the assessment, as there is less to review before obtaining

important patient information. Similarly, long questionnaires are not conducive to fast-paced

and intense clinical settings. Thus, health workers might appreciate the benefits of a brief tool.

Additionally, shorter assessments help reduce dropout rates and ease the data entry process for

EHR systems [42].
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Machine learning and Shapley Additive Explanation (SHAP) analysis

Machine learning (ML) is a computational strategy that automatically selects the most fitting

methods and parameters to reach an optimal solution to a problem, rather than being pro-

grammed by a human a priori to deliver a fixed response. The computer actively “learns” how

to carry out a particular task in the best possible way [43]. ML techniques have been success-

fully applied in many health-care settings and used in suicide risk analysis. Retrospective ML

studies of large hospital databases showed greater predictive validity of suicidal behavior com-

pared to ordinary methods [44, 45]. ML has also been employed in prospective studies. For

example, it has been demonstrated that analyzing patients’ verbal and nonverbal suicide

thought markers via ML could predict suicidal behavior with 85% classification accuracy [46].

In previous work, ML analysis was successfully applied to psychometric measures [35, 47].

Predictive validity of the SCI was analyzed using logistic regression (LR), random forest (RM),

and gradient boosting (GB) algorithms. The scale was proficient in predicting suicidal behav-

ior at one month follow-up (AUROC = 89.4%). The individual items were then ranked based

on the ability to predict the outcomes utilizing a chi-square approach [35].

Although ML analysis is useful in obtaining model performance indices like accuracy, or

the ratio of the correctly predicted observations to the total observations, it lacks a computa-

tional approach for interpreting results [48]. This is especially important when analyzing com-

plex statistical models, such as psychometric models, that can prove difficult to interpret [49].

Shapley Additive Explanation analysis (SHAP) is a mathematical approach designed to aid the

interpretation of machine learning outputs. The SHAP framework is essentially a complex

ranking system that applies game theory to assess the contributions of individual “features” to

the prediction of designated outcomes in complex models, thus providing the means to rank

them [48]. In the present study, the features are the SCI-2 items, and the outcome is the con-

current validity to known validated suicidality measures [i.e., the Columbia Suicide Severity

Rating Scale (C-SSRS)]. Though already used to interpret complex biological models [50, 51]

to our knowledge, SHAP analysis has not yet been employed for the analysis of psychometric

scales.

The present study has two aims. Our first aim is to evaluate the feasibility of using the

SHAP framework for ML analysis interpretation of the SCI-2 in predicting SI and suicidal pre-

paratory behaviors as measured by the C-SSRS. Our second aim is to rank the predictive per-

formance of the scale’s individual items in order to derive the SCI-2-SF.

Our hypothesis is that our approach will result in meaningful rankings of the SCI-2 items,

comprising of all five SCS criteria.

Materials and methods

Recruitment

This Study was not preregistered. The International Suicide Prevention and Assessment Risk

during COVID (ISPARC) project was a web-based survey study that assessed a variety of psy-

chological features during COVID across 11 different countries (Brazil, Canada, Germany,

India, Israel, Poland, Russia, South Korea, Turkey, United States, and Taiwan) from June 2020

until February 2021. Participants were recruited online via posts and paid advertising on social

media networks and websites. All participants provided informed written consent via the

Qualtrics survey platform before completing a web-based battery of self-report measures. In

Turkey, study participants also used paper survey and consent forms, later entered in the

online platform manually. Respective Principal Investigators oversaw recruitment and transla-

tion and back-translations of all surveys into local languages. Most participating countries did
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not offer compensation, though South Korean participants received 3000 KRW and United

States participants were eligible to enter a raffle for one of thirty $15 gift cards. The study was

approved by the relevant Institutional Review Boards/Institutional Ethics Committees in all

affiliated institutions.

Measures

Suicide Crisis Inventory-2 (SCI-2) [37]. The SCI-2 is a 61-item self-report questionnaire

that assesses SCS severity over the past few days when feeling their worst. Items cover five

symptom dimensions, including entrapment, affective disturbance, loss of cognitive control,

hyperarousal, and social withdrawal. Responses are rated on a 5-point Likert scale, ranging

from 0 (Not at all) to 4 (Extremely), with selected items recorded such that higher scores are

indicative of more severe SCS symptoms. The SCI-2 has demonstrated excellent internal con-

sistency as well as convergent, discriminant, criterion, and predictive validity in past research

[21, 52]. Internal consistency in the present study was excellent (α = .98).

Columbia-Suicide Severity Rating Scale screener (C-SSRS) [43]. The C-SSRS screener is

a 9-item self-report measure that examines SI and suicidal behavior within the past month.

Participants respond yes (1) or no (0) to five questions assessing severity of SI, such that total

scores range from 0 (no SI) to 5 (SI with intent and a specific plan). A sixth item assesses prepa-

ratory behaviors for suicide, whereas the last three items assess the presence of aborted, inter-

rupted, and actual suicide attempts. The C-SSRS has demonstrated strong reliability and

validity in previous research [53, 54]. In this study, items 1 through 5 were used to define our

SI outcome, as a yes in any of those five items was coded as 1 (i.e.: presence of SI). Item 6 was

used to define the SI with suicide preparatory behaviors (SI-P) outcome.

Suicide Crisis Inventory-Short Form (SCI-SF) [34]. The 8-item SCI-SF is an abbreviated

version of the SCI that uses its best performing items in the prediction of suicidal thoughts and

behaviors. Like the SCI-2, participants respond in relation to the past few days when they have

felt their worst [41]. Answers are rated on a 5-point Likert scale, ranging from 0 (Not at all) to

4 (Extremely), with higher scores reflecting more severe SCS symptoms. When included in the

Modular Assessment Risk of Imminent Suicide (MARIS) as one of its patient self-report mod-

ules, the SCI-SF demonstrated predictive validity for suicidal thoughts and behaviors at one-

month follow-up [55, 56]. In this study, the SCI-SF was not directly administered to partici-

pants, but rather, used to assess the validity of the item rankings of each outcome and guide

the formation of the SCI-2-SF.

Statistical analyses

Predictive performance was measured using LR, RF, and GB algorithms. All machine learning

algorithms were implemented in Python using a Jupyter notebook with the scikit-learn pack-

age. The dataset was loaded as a dataframe using the pandas library, and feature importance

was measured using the SHAP package. LR was the strongest performer and thus was used for

the subsequent feature importance analysis. This analysis was based on the SHAP framework,

which combines six separate methods for ranking feature importance for a particular predic-

tion into a single unified technique [48]. This SHAP framework, built upon Shapley values,

uses game theory to calculate the marginal contributions of each feature toward the prediction

of a particular datapoint, then averages these contributions across all datapoints. This was

implemented using the SHAP Python package.

Four-fold cross-validation was used to split the dataset into training and testing samples.

This was done in a stratified manner to ensure that each sample retained the same proportion

of cases and controls seen in the full dataset. Due to imbalances between the outcomes, the
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cross-validation process was repeated 1,000 times, and results were aggregated into a final list

of the 20 most important features. For each cross-validation iteration, the 20 most important

features were stored. Since there were 1,000 iterations, a list was kept of the number of times

each feature appeared among the top 20 across the 1,000 iterations. This value, dubbed SHAP

Feature Importance (SFI), served as a measure of the relative importance of each feature, and

was used to create a ranking list of items based on their individual importance in the predic-

tion of the designated outcome. (see Results section, Table 3).

Our second aim was to build a short form of the SCI-2. To that end, we compared the top

10 items of our rankings to the SCS-SF. The rationale behind this comparison was to select the

ranking that resembled most the structure of an already validated measures (the SCI-SF). We

chose to compare only the 10 top ranking items in each item listing, because SFI dropped to

below half its starting value after the 10th position in the rankings (Table 3). We ultimately

selected our results regarding the SI-P outcome instead of those considering only SI as the out-

come, as the former resembled most the SCI-SF. We then used the top two ranking items for

each SCS criterion (i.e., entrapment, affective disturbance, loss of cognitive control, hyper-

arousal, social withdrawal) to build the SCI-2-SF. To assess social withdrawal, lacking in our

SI-P results, we utilized the top-ranking social withdrawal item from the SI results.

Materials for this study are not available.

Results

Sample characteristics

The sample was composed of (10,357) adults recruited from 11 participating countries (Brazil:

n = 127; Canada: n = 65; Germany: n = 532; India: n = 302; Israel: n = 195; Poland: n = 309;

Russia: n = 561; South Korea: n = 1,043; Taiwan: n = 4846; Turkey: n = 424; and the United

States: n = 1,970) between June 2020 and February 2021. Inclusion criteria were being a legal

adult and residing in one of the 11 countries during the pandemic. No specific exclusion crite-

ria were applied. Detailed sociodemographic information, stratified by country, is presented in

Table 1. Most of the participants self-identified as cisgender women, were single/never mar-

ried, and had completed a degree at a 4-year university or college.

Responses to suicide-related outcomes (past-month SI and SI-P) indicated that there were

8,378 negative controls ("0") and 1,979 positive cases ("1") for SI, meaning that only 19.11% of

participants expressed SI within the previous month, and 10,126 negative controls ("0") and

241 positive cases ("1") for SI-P, meaning that only 2.23% of participants had made any prepa-

rations for a suicide attempt within the previous month.

Machine learning algorithms

ML performance indices are displayed in detail in Table 2. For a detailed explanation of the

different performance indices, which goes beyond the current aims of the paper, please see the

work of Parghi and colleagues in 2021 [35]. Of the three machine learning algorithms, LR out-

performed GB and RF when considering both outcomes. For this reason, we chose to describe

and evaluate only LR results. The difference in AUPRC between the SI and the SI-P outcomes

is likely due to the imbalance between cases and controls when considering the SI-P outcome

(2.2% of cases) [57].

SHAP feature importance rankings

The SHAP ranking of the top 15 SCS-2 items for both outcomes is presented in Table 3.

Regarding the SI outcome, the top 10 ranking items include every SCS criterion. The best
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performing item, SCI-12 (“Did you feel hopeless?”) is associated with the entrapment criterion.

The next best performing items are associated with the hyperarousal criterion, then the affec-

tive disturbance criterion, and lastly the social withdrawal and loss of cognitive control criteria

in the 9th and 10th positions, respectively.

Table 1. Sociodemographic characteristics of all participants, stratified by country.

Brazil Canada Germany India Israel Poland Russia South Korea Taiwan Turkey United States

Age (Mean/SD) 34.6

(13.6)

34.2

(12.9)

40.1

(15.5)

43.5

(17.9)

36.8

(17.2)

32.0

(13.4)

26.9

(12.7)

30.3 (8.2) 37.55

(10.83)

33.4 (9.5) 26.7 (8.48)

Gender (%)

Male 24 (18.9) 19 (29.2) 131 (24.6) 140 (46.4) 37 (19.0) 40 (12.9) 135 (24.1) 290 (27.8) 822 (16.8) 175 (41.3) 213 (10.8)

Female 103 (81.1) 43 (66.2) 397 (74.6) 162 (53.6) 158 (81.0) 252 (81.6) 408 (72.7) 753 (72.2) 4038 (82.6) 249 (58.7) 1722 (87.4)

Trans Male 0 (0.0) 0 (0.0) – 0 (0.0) 0 (0.0) 0 (0.0) 1 (0.2) – 4 (0.1) – 6 (0.3)

Trans Female 0 (0.0) 0 (0.0) – 0 (0.0) 0 (0.0) 3 (1.0) 4 (0.7) – 0 (0.0) – 6 (0.3)

Non-Binary 0 (0.0) 2 (3.1) 3 (0.6) 0 (0.0) 0 (0.0) 11 (3.6) 4 (0.7) – 2 (0.0) – 18 (0.9)

Not Sure 0 (0.0) 0 (0.0) – 0 (0.0) 0 (0.0) 2 (0.6) 4 (0.7) – 1 (0.0) – 2 (0.1)

Decline to State 0 (0.0) 1 (1.5) 1 (0.2) 0 (0.0) 0 (0.0) 1 (0.3) 5 (0.9) – 21 (0.4) – 3 (0.2)

Marital Status

(%)

—

Never Married 34 (26.8) 31 (47.7) 117 (22.0) 83 (27.5) 63 (32.3) 118 (38.2) 311 (55.4) 722 (69.2) 1997 (40.9) 195 (46.0) 1059 (53.8)

Married 48 (37.8) 14 (21.5) 177 (33.3) 190 (62.9) 63 (32.3) 64 (20.7) 86 (15.3) 298 (28.6) 2224 (45.5) 211 (49.8) 225 (11.4)

Separated 1 (0.8) 1 (1.5) 8 (1.5) 1 (0.3) 1 (0.5) 2 (0.6) 19 (3.4) 1 (0.1) 13 (0.3) “Other”: 18

(4.2)

17 (0.9)

Divorced 4 (3.1) 3 (4.6) 24 (4.5) 4 (1.3) 8 (4.1) 20 (6.5) 19 (3.4) 6 (0.6) 170 (3.5) 40 (2.0)

Widowed 25 (19.7) 0 (0.0) 7 (1.3) 6 (2.0) 2 (1.0) 9 (2.9) 6 (1.1) 1 (0.1) 31 (0.6) 5 (0.3)

Dating R/S 13 (10.2) 12 (18.5) 115 (21.6) 14 (4.6) 46 (23.6) 87 (28.2) 83 (14.8) – 305 (6.2) 449 (22.8)

Cohabitating 2 (1.6) 4 (6.2) 84 (15.8) 4 (1.3) 12 (6.2) 9 (2.9) 37 (6.6) 15 (1.4) 148 (3.0) 175 (8.9)

Education (%)

Less than HS 1 (0.8) 5 (9.2) 22 (4.2) 0 (0.0) 1 (0.5) 3 (1.0) 9 (1.6) 2 (0.2) 8 (0.2) 56 (13.2) 4 (0.2)

HS or

Equivalent

7 (5.5) 10 (15.4) 52 (9.8) 19 (6.3) 17 (8.7) 20 (6.5) 250 (44.6) 80 (7.7) 201 (4.1) 87 (20.5) 78 (4.0)

2-Year College 2 (1.6) 10 (15.4) 123 (23.1) 11 (3.6) 7 (3.6) 14 (4.5) 118 (21.0) 94 (9.0) — 47 (11.1) 162 (8.2)

Some College 46 (36.2) – – 20 (6.6) 77 (39.5) 123 (39.8) 49 (8.7) – — – 404 (20.5)

4-year College 56 (44.1) 28 (43.1) 98 (18.4) 146 (48.3) 33 (16.9) 36 (11.7) 60 (10.7) 624 (59.8) 3668 (75.0) 155 (36.6) 977 (49.6)

Master’s Degree 11 (8.7) 8 (12.3) 120 (22.6) 91 (30.1) 44 (22.6) 104 (33.7) 56 (10.0) 213 (20.4) 1011 (20.7) 59 (13.9) 286 (14.5)

Doctoral Degree 4 (3.1) 3 (4.6) 117 (22.0) 15 (5.0) 16 (8.2) 9 (2.9) 19 (3.4) 30 (2.9) — 20 (4.7) 59 (3.0)

Note. Means and standard deviations are presented for age. Raw number and proportions are presented for all other categories. “—”means that the response option was

not provided in that country. “Dating R/S” = In a Dating Relationship. HS = High School.

https://doi.org/10.1371/journal.pone.0299048.t001

Table 2. Machine learning algorithm performance indices.

Algorithm/Outcome Accuracy AUROC Precision Recall Balanced Accuracy AUPRC

LR—SI 0.855 0.856 0.677 0.461 0.704 0.633

LR–SI-P 0.977 0.824 0.369 0.026 0.512 0.144

GB—SI 0.847 0.835 0.638 0.462 0.700 0.600

GB–SI-P 0.977 0.772 0.356 0.028 0.513 0.106

RF–SI 0.851 0.856 0.682 0.414 0.684 0.616

RF–SI-P 0.977 0.803 0.197 0.006 0.503 0.132

Note. AUROC: Area Under Receiver Operating Characteristic; AUPRC: Area Under Precision-Recall Curve; LR: Logistic Regression; GB: Gradient Boosting; RF:

Random Forest.

https://doi.org/10.1371/journal.pone.0299048.t002
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When considering SI-P as the outcome, the top 10 ranked items include every SCS criterion

except social withdrawal. The best performing item, SCI-12 (“Did you feel hopeless?”), is asso-

ciated with the entrapment criterion, followed by items in the loss of cognitive control, entrap-

ment, and hyperarousal criteria. Items associated with the affective disturbance criterion are

most prevalent (4th, 6th, 8th, 11th, 13th, 15th), whereas the social withdrawal criterion is repre-

sented only by one top 10 item.

SHAP ranking compared to SCI-SF

In the comparison between the SCI-SF and our results, summarized in Table 3 and Fig 1, we

evaluated the grade of overlap between the former and the latter items’ SCS criteria distribu-

tion. The ranking of each individual item was also considered. This was done with the aim to

estimate the face validity of our results when compared to a valid and reliable existing measure,

and in doing so, select the most appropriate item ranking with which to build the SCI-2-SF.

Table 3. Top ranking items for suicidal ideation (SI) and preparations (SI-P) outcomes compared to the SCI-SF.

Ra SI

SFIb
SI Items SI SCS Criteria SI-P

SFIb
SI-P Items SI-P SCS criteria

1 4000 SCI-12—Did you feel hopeless? A. Entrapment 3972 SCI-57—Did you enjoy being with your family or

close friends?

B1. Affective

Disturbance

2 4000 SCI-60 –Did you feel you wanted to crawl out of

your skin?

B3. Hyperarousal 3260 SCI-11—Did you feel that it was hard for you to

stop worrying?

B2. Loss of

Cognitive Control

3 3999 SCI-59—Did you feel so restless you could not sit

still?

B3. Hyperarousal 2914 SCI-41—Did you feel that your emotional pain

was unbearable?

B1. Affective

Disturbance

4 3977 SCI-38—Did you feel a sense of inner pain that

had to be stopped?

B1. Affective

Disturbance

2678 SCI-7—Did you have a sense of inner pain that

was too much to bear?

B1. Affective

Disturbance

5 3918 SCI-4—Did you feel there was no exit? A. Entrapment 2655 SCI-48—Did you feel that the urge to escape the

pain was very hard to control?

B1. Affective

Disturbance

6 3901 SCI-51—Did you feel any unusually intense or

deep negative feelings or mood swings directed

towards yourself?

B1. Affective

Disturbance

2224 SCI-4—Did you feel there was no exit? A. Entrapment

7 3841 SCI-72—Did you feel easily annoyed or irritated? B3. Hyperarousal 1833 SCI-12 - Did you feel hopeless? A. Entrapment

8 3306 SCI-57r –Did you enjoy being with your family or

close friends? R

B1. Affective

Disturbance

1749 SCI-1—Did you wake up from sleep tired and not

refreshed?

B3. Hyperarousal

9 2339 SCI-74—Did you feel you did not open up to

members of your family/friends?

B4. Social

Withdrawal

1638 SCI-14—Did you have a decreased ability to

think, concentrate or make decisions, due to too

many thoughts?

B2. Loss of

Cognitive Control

10 1870 SCI-3—Did you have many thoughts in your

head?

B2. Loss of

cognitive control

1609 SCI-38—Did you feel a sense of inner pain that

had to be stopped?

B1. Affective

Disturbance

11 1807 SCI-41—Did you feel that your emotional pain

was unbearable?

B1. Affective

Disturbance

1601 SCI-61—Did you feel so stirred up inside you

wanted to scream?

B3. Hyperarousal

12 1192 SCI-13—Did you feel that there was no way out? A. Entrapment 1464 SCI-34—Did you feel that ideas kept turning over

and over in your mind and they wouldn’t go

away?

B2. Loss of

Cognitive Control

13 580 SCI-54—Did you feel dissatisfied or bored with

everything?

B1. Affective

Disturbance

1398 SCI-47—Did you feel like you were getting a

headache from too many thoughts in your head?

B2. Loss of

Cognitive Control

14 534 SCI-45—Did you feel pressure in your head from

thinking too much?

B2. Loss of

cognitive control

1217 SCI-35—Did you feel doomed? A. Entrapment

15 235 SCI-7—Did you have a sense of inner pain that

was too much to bear?

B1. Affective

Disturbance

1142 SCI-24—Did you feel your thoughts were racing? B2. Loss of

Cognitive Control

Note.
aR: rank, referred to SI and SI-P results
bSFI: SHAP Feature Importance; SCS: Suicide Crisis Syndrome; SCI-SF: Suicide Crisis Inventory Short Form; SCI: Suicide Crisis Inventory.

https://doi.org/10.1371/journal.pone.0299048.t003
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Specifically, the SCI-SF (Table 3) contains items that cover three of the five SCS criteria,

excluding social withdrawal and hyperarousal. Loss of cognitive control is the most frequently

represented with four of eight items (SCI-2, 8, 26, and 47), followed by the entrapment and

affective disturbance criteria with two of eight items (SCI-4 and 30; SC-I5 and 37). Consider-

ing both the ranking and criteria distribution of the top 10 ranking items, the SCI-SF is most

similar to our results using SI-P as an outcome. The most prevalent criterion is affective distur-

bance followed by the loss of cognitive control and entrapment criteria. The least represented

criterion is hyperarousal. When considering our results using only SI as the outcome, on the

other hand, the 10 top ranking items differ substantially from the SCI-SF. Hyperarousal is the

most represented and well ranking criterion, whereas the least represented and poorest rank-

ing criteria are social withdrawal and loss of cognitive control.

SCI-2-SF

The resultant SCI-2-SF consists of the top two ranking items for each SCS criterion/factor

(only one for social withdrawal), namely a total of nine items that cover all SCS symptoms.

The final SCS-2-SF assessment tool, which covers the whole span of SCS domains, is presented

in Table 4. Its best performing items belong to the Affective Disturbance (SCI57: “Did you

enjoy being with your family or close friends?” [reverse coded]), Loss of Cognitive Control

(SCI11: “Did you feel that it was hard for you to stop worrying?”) and Entrapment (SCI4: “Did

you feel there was no exit?") criteria.

Fig 1. Column graph depicting the overlap in SCS criteria between the SCI-SF and the SI-P and SI results. Note. The prevalence of SCS criteria (y-axis) was

measured as the percentage of items in each scale/ranking belonging to a particular criterion. A: Entrapment, B1: Affective Disturbance, B2: Loss of Cognitive

Control, B3: Hyperarousal, B4: Social Withdrawal.

https://doi.org/10.1371/journal.pone.0299048.g001
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Discussion

This SHAP analysis of the SCI-2 self-report scale resulted in meaningful rankings of the SCI-2

individual items, since its highest-ranking items included all five SCS criteria [39, 58]. Our

findings additionally indicate that the SHAP method can be applied successfully to ML analy-

sis of psychometric measures. To our knowledge, this is the first successful application of the

SHAP framework to the analysis of suicide-related measures or of any psychometric assess-

ment tool. As expected, the SCI-2 rankings overlapped significantly with the SCI-SF and

included additional items associated with overarousal and social withdrawal. Similarly, the

SCI-2-SF overlapped greatly with the SCI-SF, while also including items associated with over-

arousal and social withdrawal.

Of the two outcomes we utilized in the analyses, the one that included suicide without pre-

paratory actions produced results that most resembled the structure of the SCI-SF, compared

to those derived by the SI-P outcome. As a suicide preparatory behavior is, by definition, any

act or preparation towards an imminent premeditated suicide attempt [16], our results appear

in line with research that describes the SCS as a construct especially proficient in predicting

short-term suicidal behavior [37, 30].

The SCI-2-SF consists of the top two ranking items for each SCS criterion/factor (only one

for social withdrawal) resulting in nine items that cover all SCS symptoms. This approach is

consistent with previous work; Bloch-Elkouby and colleagues (2021) used factor analysis to

show that the SCS is composed of five distinct factors that all contribute to its predictive valid-

ity for suicidal thoughts and behaviors [59]. Yaseen and colleagues (2019) demonstrated that

the SCS has superior predictive validity when both criteria A and B are met simultaneously

[37]. Additionally, Bafna and colleagues (2022) illustrated that both 1-factor and 5-factor con-

figurations of the SCS 5-factor model showed good model fit in a large clinical sample [60].

Although the implementation of the SCS in clinical settings is still in early phases, prelimi-

nary data submitted for publication from an independent group of Northshore Hospital in

Chicago, Illinois clearly indicates that the SCS altered how ER clinicians treated suicidal

patients. When clinicians used an abbreviated form of the SCS checklist, patients that screened

positive for the SCS were 66 times more likely to be admitted into the inpatient unit compared

to those who screened negative. Additionally, patients in the ER who exhibited SI as their

main complaint in the absence of the SCS were 80% more likely to be discharged than those

without SI, thereby demonstrating how the implementation of the SCS could help identify

malingering or low-risk individuals. Although no items in the SCI-2 (or in the SCI-2-SF)

explicitly inquire about SI or behaviors, our approach was highly accurate at assessing

Table 4. Items included in the final SCI-2-SF.

Criteria Ranking Items

A. Entrapment 1 SCI-12—Did you feel hopeless?

5 SCI-4—Did you feel there was no exit?

B1. Affective

Disturbance

4 SCI-38—Did you feel a sense of inner pain that had to be stopped?

6 SCI-51—Did you feel any unusually intense or deep negative feelings or mood

swings

B2. Loss of cognitive

control

10 SCI-3—Did you have many thoughts in your head?

14 SCI-14—Did you have a decreased ability to think, concentrate or make

decisions, due to too many thoughts?

B3. Hyperarousal 2 SCI-60 –Did you feel you wanted to crawl out of your skin?

3 SCI-59—Did you feel so restless you could not sit still?

B4. Social Withdrawal 9 SCI-74—Did you feel you did not open up to members of your family/friends?

https://doi.org/10.1371/journal.pone.0299048.t004
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concurrent preparatory suicidal behavior. This could result in the detection of individuals who

consciously or unconsciously hide their suicidal thoughts but might otherwise remain unde-

tected. Furthermore, deeming a patient as high-risk could lead to his/her/their subsequent dis-

closure of previously concealed SI [61], which could foster the therapeutic alliance.

Further studies are necessary to determine an ideal SCS-SF-2 score threshold that optimizes

sensitivity and specificity for an SCS diagnosis. Thus, the current version of the SCI-SF-2

serves as a tool to assess SCS severity in a dimensional fashion and could be used in conjunc-

tion with other instruments capable of a categorical SCS diagnosis, critical in clinical decision-

making, such as the SCS checklist [33], and other traditional methods like the C-SSRS or sui-

cide-related history to achieve an optimal assessment of suicide risk.

Clinical work and research in the mental health field is largely based on a categorical diag-

nostic system, such as the DSM–5 and ICD–10. Although certainly useful, this approach has

various limitations, such as in the definition of exhaustive and mutually exclusive diagnostic

categories [62–65]. These limitations can often result in significant heterogeneity between

diagnoses, and many cases tend to be categorized as “not otherwise specified” [66]. Therefore,

many members of the scientific community are striving for a dimensional approach to psychi-

atric nosology and psychopathology, with models like the Hierarchical Taxonomy of Psycho-

pathology [67] and the Research Domain Criteria [68]. At present, clinicians use the

categorical approach, whereas researchers have been focusing on and arguing for a dimen-

sional diagnosis. Should the latter approach prevail, the SCI-SF-2 would be an excellent practi-

cal tool, as it is informative on multiple psychopathological dimensions and potentially useful

to clinicians in diverse scenarios.

Limitations and future directions

Our study presents several limitations that are worth noting. First, the cross-sectional nature

of the study impedes any inference of temporality and, in so doing, any measure of predictive

validity. Repeating the analyses in a longitudinal, prospective study could help to assess the

SCI-2-SF capacity to predict suicidal thoughts and behaviors over time. Second, our study

examined the ability of the SCI-2 to assess concurrent measures of SI and suicidal preparatory

acts, although the SCS is more proficient at predicting suicidal behavior than ideation according

to previous work [30, 37]. However, the higher incidence of the designated outcomes was deemed

necessary due to the relative rarity of suicide attempts in the general population [69] and to the

high number of cases, or events per variable, needed to achieve reliable results in ML and SHAP

analyses [70, 71]. Despite these precautions, the number of positive cases for suicidal preparatory

behaviors was only 2.23% of the negative controls (241 vs 10,126). Though unavoidable due to

the nature of suicidal phenomena and the use of a convenience community-based sample, repeat-

ing the study with a less unbalanced dataset could potentially lead to more accurate and reliable

results. The data fromthis convenience sample was collected during the pandemic, which may

have affected our results, considering that these results may differ in times of collective stress and

between various high-risk groups. Finally, the C-SSRS utilized a hierarchal structure, which is

error prone and might have introduces some bias to our study [72].

Conclusion

We successfully applied predictive ML analyses and SHAP feature rankings to the SCI-2. We

subsequently developed a brief assessment tool, the SCI-SF-2, which we anticipate achieving

good predictive validity in future prospective studies. Our results add to accumulating research

that demonstrates how the SCS and its assessment tools show concurrent, incremental, and

predictive validity for SI and suicidal behavior [33, 35–37, 59, 73], in proving the potential
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clinical utility of the SCS in the assessment of individuals at high risk of near-term STBs. Due

to its brevity, self-report nature, and ease of use, we believe that the SCS-2-SF could be easily

introduced in clinicians’ workflow to assess SCS severity.
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4. Czeisler MÉ, Lane RI, Petrosky E, Wiley JF, Christensen A, Njai R, et al. Mental Health, Substance

Use, and Suicidal Ideation During the COVID-19 Pandemic—United States, June 24–30, 2020. MMWR

Morb Mortal Wkly Rep. 2020 Aug 14; 69(32):1049–57. https://doi.org/10.15585/mmwr.mm6932a1

PMID: 32790653

5. Jenkins EK, McAuliffe C, Hirani S, Richardson C, Thomson KC, McGuinness L, et al. A portrait of the

early and differential mental health impacts of the COVID-19 pandemic in Canada: Findings from the

first wave of a nationally representative cross-sectional survey. Prev Med. 2021 Apr; 145:106333.

https://doi.org/10.1016/j.ypmed.2020.106333 PMID: 33509605

6. Kawohl W, Nordt C. COVID-19, unemployment, and suicide. Lancet Psychiatry. 2020 May; 7(5):389–

90. https://doi.org/10.1016/S2215-0366(20)30141-3 PMID: 32353269

7. McIntyre RS, Lee Y. Projected increases in suicide in Canada as a consequence of COVID-19. Psychi-

atry Res. 2020 Aug; 290:113104. https://doi.org/10.1016/j.psychres.2020.113104 PMID: 32460184

8. Twenge JM, Joiner TE. Mental distress among U.S. adults during the COVID-19 pandemic. J Clin Psy-

chol. 2020 Dec; 76(12):2170–82. https://doi.org/10.1002/jclp.23064 PMID: 33037608

9. Milner A, Page A, LaMontagne AD. Long-Term Unemployment and Suicide: A Systematic Review and

Meta-Analysis. Baradaran HR, editor. PLoS ONE. 2013 Jan 16; 8(1):e51333.

10. Ribeiro JD, Franklin JC, Fox KR, Bentley KH, Kleiman EM, Chang BP, et al. Self-injurious thoughts and

behaviors as risk factors for future suicide ideation, attempts, and death: a meta-analysis of longitudinal

studies. Psychol Med. 2016 Jan; 46(2):225–36. https://doi.org/10.1017/S0033291715001804 PMID:

26370729

11. Rogers ML, Chu C, Joiner T. The necessity, validity, and clinical utility of a new diagnostic entity: Acute

suicidal affective disturbance. J Clin Psychol. 2019 Jun; 75(6):999–1010. https://doi.org/10.1002/jclp.

22743 PMID: 30632615

PLOS ONE The suicide crisis Inventory-2 Short Form

PLOS ONE | https://doi.org/10.1371/journal.pone.0299048 May 10, 2024 11 / 15

http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0299048.s001
https://doi.org/10.15585/mmwr.mm6722a1
https://doi.org/10.15585/mmwr.mm6722a1
http://www.ncbi.nlm.nih.gov/pubmed/29879094
https://doi.org/10.15585/mmwr.mm6932a1
http://www.ncbi.nlm.nih.gov/pubmed/32790653
https://doi.org/10.1016/j.ypmed.2020.106333
http://www.ncbi.nlm.nih.gov/pubmed/33509605
https://doi.org/10.1016/S2215-0366%2820%2930141-3
http://www.ncbi.nlm.nih.gov/pubmed/32353269
https://doi.org/10.1016/j.psychres.2020.113104
http://www.ncbi.nlm.nih.gov/pubmed/32460184
https://doi.org/10.1002/jclp.23064
http://www.ncbi.nlm.nih.gov/pubmed/33037608
https://doi.org/10.1017/S0033291715001804
http://www.ncbi.nlm.nih.gov/pubmed/26370729
https://doi.org/10.1002/jclp.22743
https://doi.org/10.1002/jclp.22743
http://www.ncbi.nlm.nih.gov/pubmed/30632615
https://doi.org/10.1371/journal.pone.0299048


12. Tucker RP, Michaels MS, Rogers ML, Wingate LR, Joiner TE. Construct validity of a proposed new

diagnostic entity: Acute Suicidal Affective Disturbance (ASAD). J Affect Disord. 2016 Jan; 189:365–78.

https://doi.org/10.1016/j.jad.2015.07.049 PMID: 26476421

13. Voros V, Tenyi T, Nagy A, Fekete S, Osvath P. Crisis Concept Re-loaded?—The Recently Described

Suicide-Specific Syndromes May Help to Better Understand Suicidal Behavior and Assess Imminent

Suicide Risk More Effectively. Front Psychiatry. 2021 Mar 24; 12:598923. https://doi.org/10.3389/fpsyt.

2021.598923 PMID: 33868041

14. Matthews K, Milne S, Ashcroft GW. Role of doctors in the prevention of suicide: the final consultation.

Br J Gen Pract J R Coll Gen Pract. 1994 Aug; 44(385):345–8. PMID: 8068391

15. Nock MK, Hwang I, Sampson NA, Kessler RC. Mental disorders, comorbidity and suicidal behavior:

Results from the National Comorbidity Survey Replication. Mol Psychiatry. 2010 Aug; 15(8):868–76.

https://doi.org/10.1038/mp.2009.29 PMID: 19337207

16. Nock MK, Deming CA, Fullerton CS, Gilman SE, Goldenberg M, Kessler RC, et al. Suicide Among Sol-

diers: A Review of Psychosocial Risk and Protective Factors. Psychiatry Interpers Biol Process. 2013

Jun; 76(2):97–125. https://doi.org/10.1521/psyc.2013.76.2.97 PMID: 23631542

17. Oquendo MA, Currier D, Mann JJ. Prospective studies of suicidal behavior in major depressive and

bipolar disorders: what is the evidence for predictive risk factors? Acta Psychiatr Scand. 2006 Sep; 114

(3):151–8. https://doi.org/10.1111/j.1600-0447.2006.00829.x PMID: 16889585

18. Berman AL. Risk Factors Proximate to Suicide and Suicide Risk Assessment in the Context of Denied

Suicide Ideation. Suicide Life Threat Behav. 2018 Jun; 48(3):340–52. https://doi.org/10.1111/sltb.

12351 PMID: 28429385

19. Blanchard M, Farber BA. Lying in psychotherapy: Why and what clients don’t tell their therapist about

therapy and their relationship. Couns Psychol Q. 2016 Jan 2; 29(1):90–112.

20. Blanchard M, Farber BA. “It is never okay to talk about suicide”: Patients’ reasons for concealing suicidal

ideation in psychotherapy. Psychother Res. 2020 Jan 2; 30(1):124–36. https://doi.org/10.1080/

10503307.2018.1543977 PMID: 30409079

21. Bloch-Elkouby S., Zilcha-Mano S., Rogers M. L., Park J. Y., Manlongat K., Krumerman M., et al. Who

are the patients who deny suicidal intent? Exploring patients’ characteristics associated with self-disclo-

sure and denial of suicidal intent. Acta Psychiatrica Scandinavica. 2023 Feb; 147(2): 205–216. https://

doi.org/10.1111/acps.13511 PMID: 36263445

22. Rogers ML, Bloch-Elkouby S, Galynker I. Differential disclosure of suicidal intent to clinicians versus

researchers: Associations with concurrent suicide crisis syndrome and prospective suicidal ideation

and attempts. Psychiatry research. 2022 Jun 1; 312:114522. https://doi.org/10.1016/j.psychres.2022.

114522 PMID: 35378454

23. Deisenhammer EA, Ing CM, Strauss R, Kemmler G, Hinterhuber H, Weiss EM. The Duration of the Sui-

cidal Process: How Much Time Is Left for Intervention Between Consideration and Accomplishment of a

Suicide Attempt? J Clin Psychiatry. 2009 Jan 15; 70(1):19–24. PMID: 19026258

24. Horesh N, Apter A. Self-Disclosure, Depression, Anxiety, and Suicidal Behavior in Adolescent Psychiat-

ric Inpatients. Crisis. 2006 Mar; 27(2):66–71. https://doi.org/10.1027/0227-5910.27.2.66 PMID:

16913327

25. Levi-Belz Y, Gavish-Marom T, Barzilay S, Apter A, Carli V, Hoven C, et al. Psychosocial Factors Corre-

lated with Undisclosed Suicide Attempts to Significant Others: Findings from the Adolescence SEYLE

Study. Suicide Life Threat Behav. 2019 Jun; 49(3):759–73. https://doi.org/10.1111/sltb.12475 PMID:

29851140

26. Simon TR, Swann AC, Powell KE, Potter LB, Kresnow M jo, O’Carroll PW. Characteristics of Impulsive

Suicide Attempts and Attempters. Suicide Life Threat Behav. 2002 Dec; 32:49–59.

27. Crosby AE, Cheltenham MP, Sacks JJ. Incidence of suicidal ideation and behavior in the United States,

1994. Suicide Life Threat Behav. 1999; 29(2):131–40. PMID: 10407966

28. LeMaster PL, Beals J, Novins DK, Manson SM. The Prevalence of Suicidal Behaviors Among Northern

Plains American Indians. Suicide Life Threat Behav. 2004 Sep; 34(3):242–54. https://doi.org/10.1521/

suli.34.3.242.42780 PMID: 15385179

29. Yaseen Z, Katz C, Johnson MS, Eisenberg D, Cohen LJ, Galynker II. Construct development: The Sui-

cide Trigger Scale (STS-2), a measure of a hypothesized suicide trigger state. BMC Psychiatry. 2010

Dec; 10(1):110. https://doi.org/10.1186/1471-244X-10-110 PMID: 21144063

30. Bloch-Elkouby S, Gorman B, Lloveras L, Wilkerson T, Schuck A, Barzilay S, et al. How do distal and

proximal risk factors combine to predict suicidal ideation and behaviors? A prospective study of the nar-

rative crisis model of suicide. J Affect Disord. 2020 Dec; 277:914–26. https://doi.org/10.1016/j.jad.2020.

08.088 PMID: 33065834

PLOS ONE The suicide crisis Inventory-2 Short Form

PLOS ONE | https://doi.org/10.1371/journal.pone.0299048 May 10, 2024 12 / 15

https://doi.org/10.1016/j.jad.2015.07.049
http://www.ncbi.nlm.nih.gov/pubmed/26476421
https://doi.org/10.3389/fpsyt.2021.598923
https://doi.org/10.3389/fpsyt.2021.598923
http://www.ncbi.nlm.nih.gov/pubmed/33868041
http://www.ncbi.nlm.nih.gov/pubmed/8068391
https://doi.org/10.1038/mp.2009.29
http://www.ncbi.nlm.nih.gov/pubmed/19337207
https://doi.org/10.1521/psyc.2013.76.2.97
http://www.ncbi.nlm.nih.gov/pubmed/23631542
https://doi.org/10.1111/j.1600-0447.2006.00829.x
http://www.ncbi.nlm.nih.gov/pubmed/16889585
https://doi.org/10.1111/sltb.12351
https://doi.org/10.1111/sltb.12351
http://www.ncbi.nlm.nih.gov/pubmed/28429385
https://doi.org/10.1080/10503307.2018.1543977
https://doi.org/10.1080/10503307.2018.1543977
http://www.ncbi.nlm.nih.gov/pubmed/30409079
https://doi.org/10.1111/acps.13511
https://doi.org/10.1111/acps.13511
http://www.ncbi.nlm.nih.gov/pubmed/36263445
https://doi.org/10.1016/j.psychres.2022.114522
https://doi.org/10.1016/j.psychres.2022.114522
http://www.ncbi.nlm.nih.gov/pubmed/35378454
http://www.ncbi.nlm.nih.gov/pubmed/19026258
https://doi.org/10.1027/0227-5910.27.2.66
http://www.ncbi.nlm.nih.gov/pubmed/16913327
https://doi.org/10.1111/sltb.12475
http://www.ncbi.nlm.nih.gov/pubmed/29851140
http://www.ncbi.nlm.nih.gov/pubmed/10407966
https://doi.org/10.1521/suli.34.3.242.42780
https://doi.org/10.1521/suli.34.3.242.42780
http://www.ncbi.nlm.nih.gov/pubmed/15385179
https://doi.org/10.1186/1471-244X-10-110
http://www.ncbi.nlm.nih.gov/pubmed/21144063
https://doi.org/10.1016/j.jad.2020.08.088
https://doi.org/10.1016/j.jad.2020.08.088
http://www.ncbi.nlm.nih.gov/pubmed/33065834
https://doi.org/10.1371/journal.pone.0299048


31. Galynker I. The suicidal crisis: Clinical guide to the assessment of imminent suicide risk. Oxford Univer-

sity Press; 2023.

32. Bloch-Elkouby S, Yanez N, Chennapragada L, Richards J, Cohen L, Galynker I. The Narrative Crisis

Model of Suicide: A Novel and Empirically Grounded Diathesis-Stress Model of Suicide. Suicide risk

assessment and prevention. 2022 Aug 27:1–6.

33. Galynker I, Yaseen ZS, Cohen A, Benhamou O, Hawes M, Briggs J. Prediction of suicidal behavior in

high risk psychiatric patients using an assessment of acute suicidal state: The suicide crisis inventory:

Galynker et al. Depress Anxiety. 2017 Feb; 34(2):147–58.

34. Yaseen ZS, Kopeykina I, Gutkovich Z, Bassirnia A, Cohen LJ, Galynker II. Predictive Validity of the Sui-

cide Trigger Scale (STS-3) for Post-Discharge Suicide Attempt in High-Risk Psychiatric Inpatients.

Hashimoto K, editor. PLoS ONE. 2014 Jan 21; 9(1):e86768. https://doi.org/10.1371/journal.pone.

0086768 PMID: 24466229

35. Parghi N, Chennapragada L, Barzilay S, Newkirk S, Ahmedani B, Lok B, et al. Assessing the predictive

ability of the Suicide Crisis Inventory for near-term suicidal behavior using machine learning

approaches. Int J Methods Psychiatr Res [Internet]. 2021 Mar [cited 2022 Nov 18];30(1). Available

from: https://onlinelibrary.wiley.com/doi/10.1002/mpr.1863 PMID: 33166430

36. Barzilay S, Assounga K, Veras J, Beaubian C, Bloch-Elkouby S, Galynker I. Assessment of near-term

risk for suicide attempts using the suicide crisis inventory. J Affect Disord. 2020 Nov; 276:183–90.

https://doi.org/10.1016/j.jad.2020.06.053 PMID: 32697697

37. Yaseen ZS, Hawes M, Barzilay S, Galynker I. Predictive Validity of Proposed Diagnostic Criteria for the

Suicide Crisis Syndrome: An Acute Presuicidal State. Suicide Life Threat Behav. 2019 Aug; 49

(4):1124–35. https://doi.org/10.1111/sltb.12495 PMID: 30073686

38. Bloch-Elkouby S, Gorman B, Schuck A, Barzilay S, Calati R, Cohen LJ, et al. The suicide crisis syn-

drome: A network analysis. J Couns Psychol. 2020 Oct; 67(5):595–607. https://doi.org/10.1037/

cou0000423 PMID: 32309959

39. Schuck A, Calati R, Barzilay S, Bloch-Elkouby S, Galynker I. Suicide Crisis Syndrome: A review of sup-

porting evidence for a new suicide-specific diagnosis. Behav Sci Law. 2019 May; 37(3):223–39. https://

doi.org/10.1002/bsl.2397 PMID: 30900347

40. Ying G, Cohen LJ, Lloveras L, Barzilay S, Galynker I. Multi-informant prediction of near-term suicidal

behavior independent of suicidal ideation. Psychiatry Res. 2020 Sep; 291:113169. https://doi.org/10.

1016/j.psychres.2020.113169 PMID: 32562934

41. Calati R, Cohen LJ, Schuck A, Levy D, Bloch-Elkouby S, Barzilay S, et al. The Modular Assessment of

Risk for Imminent Suicide (MARIS): A validation study of a novel tool for suicide risk assessment. J

Affect Disord. 2020 Feb; 263:121–8. https://doi.org/10.1016/j.jad.2019.12.001 PMID: 31818767

42. Salisbury C, Burgess A, Lattimer V, Heaney D, Walker J, Turnbull J, et al. Developing a standard short

questionnaire for the assessment of patient satisfaction with out-of-hours primary care. Fam Pract.

2005 Oct 1; 22(5):560–9. https://doi.org/10.1093/fampra/cmi050 PMID: 15964865

43. Dwyer DB, Falkai P, Koutsouleris N. Machine Learning Approaches for Clinical Psychology and Psychi-

atry. Annu Rev Clin Psychol. 2018 May 7; 14(1):91–118. https://doi.org/10.1146/annurev-clinpsy-

032816-045037 PMID: 29401044

44. Walsh CG, Ribeiro JD, Franklin JC. Predicting Risk of Suicide Attempts Over Time Through Machine

Learning. Clin Psychol Sci. 2017 May; 5(3):457–69.

45. Walsh CG, Ribeiro JD, Franklin JC. Predicting suicide attempts in adolescents with longitudinal clinical

data and machine learning. J Child Psychol Psychiatry. 2018 Dec; 59(12):1261–70. https://doi.org/10.

1111/jcpp.12916 PMID: 29709069

46. Pestian JP, Sorter M, Connolly B, Bretonnel Cohen K, McCullumsmith C, Gee JT, et al. A Machine

Learning Approach to Identifying the Thought Markers of Suicidal Subjects: A Prospective Multicenter

Trial. Suicide Life Threat Behav. 2017 Feb; 47(1):112–21. https://doi.org/10.1111/sltb.12312 PMID:

27813129

47. McMullen L, Parghi N, Rogers ML, Yao H, Bloch-Elkouby S, Galynker I. The role of suicide ideation in

assessing near-term suicide risk: A machine learning approach. Psychiatry Res. 2021 Oct;

304:114118. https://doi.org/10.1016/j.psychres.2021.114118 PMID: 34403873

48. Lundberg S, Lee SI. A Unified Approach to Interpreting Model Predictions. 2017 [cited 2023 Apr 3];

Available from: https://arxiv.org/abs/1705.07874

49. Borsboom D, Molenaar D. Psychometrics. Elsevier. 2015;

50. Bertsimas D, Mingardi L, Stellato B. Machine Learning for Real-Time Heart Disease Prediction. IEEE J

Biomed Health Inform. 2021 Sep; 25(9):3627–37. https://doi.org/10.1109/JBHI.2021.3066347 PMID:

33729960

PLOS ONE The suicide crisis Inventory-2 Short Form

PLOS ONE | https://doi.org/10.1371/journal.pone.0299048 May 10, 2024 13 / 15

https://doi.org/10.1371/journal.pone.0086768
https://doi.org/10.1371/journal.pone.0086768
http://www.ncbi.nlm.nih.gov/pubmed/24466229
https://onlinelibrary.wiley.com/doi/10.1002/mpr.1863
http://www.ncbi.nlm.nih.gov/pubmed/33166430
https://doi.org/10.1016/j.jad.2020.06.053
http://www.ncbi.nlm.nih.gov/pubmed/32697697
https://doi.org/10.1111/sltb.12495
http://www.ncbi.nlm.nih.gov/pubmed/30073686
https://doi.org/10.1037/cou0000423
https://doi.org/10.1037/cou0000423
http://www.ncbi.nlm.nih.gov/pubmed/32309959
https://doi.org/10.1002/bsl.2397
https://doi.org/10.1002/bsl.2397
http://www.ncbi.nlm.nih.gov/pubmed/30900347
https://doi.org/10.1016/j.psychres.2020.113169
https://doi.org/10.1016/j.psychres.2020.113169
http://www.ncbi.nlm.nih.gov/pubmed/32562934
https://doi.org/10.1016/j.jad.2019.12.001
http://www.ncbi.nlm.nih.gov/pubmed/31818767
https://doi.org/10.1093/fampra/cmi050
http://www.ncbi.nlm.nih.gov/pubmed/15964865
https://doi.org/10.1146/annurev-clinpsy-032816-045037
https://doi.org/10.1146/annurev-clinpsy-032816-045037
http://www.ncbi.nlm.nih.gov/pubmed/29401044
https://doi.org/10.1111/jcpp.12916
https://doi.org/10.1111/jcpp.12916
http://www.ncbi.nlm.nih.gov/pubmed/29709069
https://doi.org/10.1111/sltb.12312
http://www.ncbi.nlm.nih.gov/pubmed/27813129
https://doi.org/10.1016/j.psychres.2021.114118
http://www.ncbi.nlm.nih.gov/pubmed/34403873
https://arxiv.org/abs/1705.07874
https://doi.org/10.1109/JBHI.2021.3066347
http://www.ncbi.nlm.nih.gov/pubmed/33729960
https://doi.org/10.1371/journal.pone.0299048
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