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Abstract

Background Suicidal ideation (S) is one of the strongest predictors of suicide attempts, yet reliable prediction
models for suicide risk remain scarce. A key challenge is that Sl can fluctuate over time, potentially reflecting differ-
ent subgroups that may offer important insights for suicide risk prediction. This study aims to build upon previous
approaches that averaged Sl trajectories by adopting a method that respects the temporal nature of SI.

Methods First, we applied longitudinal clustering to ecological momentary assessment (EMA) data on SI, with five
daily assessments over 28 days from 51 psychiatric patients (61% female, mean age=35.26, SD=12.54). We used
the KmlIShape algorithm, which takes raw Sl scores and the measurement occasion index as input. Second, we
regressed each identified subgroup against established clinical risk factors for SI, including a history of suicidal
thoughts and behaviors, hopelessness, depression diagnosis, anxiety disorder diagnosis, and history of abuse.

Results Four distinct subgroups with unique SI patterns were identified: (1) “High SI, moderate variability” (high
mean, medium variability, high maximum); (2) “Lowest SI, lowest variability” (lowest mean, lowest variability, low-

est maximum); (3) “Low SI, moderate variability” low mean, medium variability, high maximum); and (4) “Highest S|,
highest variability” (highest mean, highest variability, highest maximum). Furthermore, these subgroups were signifi-
cantly associated with clinical characteristics. For instance, the subgroup with the least severe SI (“lowest SI, lowest
variability”) showed the lowest levels of hopelessness (beta=-0.95, 95% Cl=-1.04, -0.86), whereas the subgroup

with the most severe SI ("highest SI, highest variability”) exhibited the highest levels of hopelessness (beta=0.84, 95%
Cl=0.72,0.95).

Conclusion Applying longitudinal clustering to EMA data from patients with Sl enables the identification of well-
defined and distinct SI subgroups with clearer clinical characteristics. This approach is a crucial step toward a deeper
understanding of Sl and serves as a foundation for enhancing prediction and prevention efforts.
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Introduction

Every 40 s, someone takes their life. Globally, this
amounts to more than 700,000 deaths by suicide every
year [1]. This number might be even higher consider-
ing stigma, taboos, poor data quality of reporting, and
the illegality of suicidal behavior in some countries [1].
Indeed, more than 9% of adults across the world have
suicidal ideations (SI) at least once in their lives [2]. Even
though the majority will not act upon them, a concern-
ing one-tenth will [3]. Elaborate psychological ideation-
to-action theories offer explanation models for this
transition from thinking about taking own’s life to acting
upon those thoughts [4—8]. Yet, the prediction of suicidal
thoughts and behaviors (STBs) remains challenging. The
term STBs in suicide research entails suicide ideations,
suicide plans, and suicide attempts but excludes non-
suicidal self-injury (e.g., self-harm by cutting) because
the self-injury happens without the intent to die [2].
Although the incidence of suicide has declined in most
countries worldwide, certain populations have experi-
enced an increase in suicide deaths [9]. Furthermore,
despite over 50 years of research on risk factors, each
demonstrating only weak predictive power [10], clini-
cal efforts have yet to enhance the efficacy of STB inter-
ventions [11]. Thus, there is a growing call for a more
thorough investigation of SI to improve prevention and
intervention strategies [12].

Traditional clinical tools for assessing SI, such as retro-
spective self-report questionnaires and semi-structured
or structured interviews, often offer limited predictive
accuracy due to their cross-sectional design and the gaps
in time between assessments, which can range from days
to months. To capture the dynamic nature of SI more
effectively, higher temporal resolution is needed, which
can be achieved in real-time through methods like eco-
logical momentary assessment (EMA) [13-16]. EMA
allows for the fine-grained collection of data [17], allow-
ing the identification of instances of SI that might other-
wise go unnoticed by retrospective self-report measures
[18]. Contrary to previous assumptions that combining
subjective EMA data with objective digital markers (e.g.,
passive sensor data) would enhance prediction models,
recent research indicates that EMA data alone is a strong
predictor of next-day SI, while passive sensing data did
not improve predictive accuracy [19]. Another factor that
could help improve prediction models might be to reduce
complexity. Suicidal ideations are a heterogeneous phe-
nomenon, and the processes leading up to both suicidal
thoughts and suicidal behaviors are the result of a highly
complex dynamic interplay of various factors. Thus,
reducing complexity and heterogeneity by subtyping at-
risk individuals is recommended [20-22]. Being able to
categorize at-risk individuals into meaningful clinical risk
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groups will give guidance on the next steps for research,
prevention, and intervention.

Different approaches to subtyping SI have been pro-
posed. One of the earliest frameworks [20] identified two
subgroups based on stress responsiveness: [1] a stress-
responsive subtype, characterized by a history of child-
hood trauma, fluctuating SI, and transient increases in
SI following stressful events. This subtype is also asso-
ciated with impulsive behaviors and unplanned suicide
attempts. In contrast, [2] the non-stress-responsive
subtype is linked to depression, persistent SI, a stronger
intent to die, and carefully planned, potentially more
lethal suicidal behaviors. Building upon this framework,
subsequent studies have introduced subtyping based
on other characteristics. Longitudinal studies [23-26]
examining SI trajectories or repeated measures [26] have
revealed that individuals with chronic, stable SI are more
likely to experience depression [24], impulsivity, and per-
fectionism [26]. This subgroup also faces higher odds of
repeat suicide attempts [23, 26], re-hospitalization [23],
and increased suicide attempts and hospitalizations
within six months following discharge [25]. Additionally,
they demonstrate greater difficulty in accepting emo-
tional responses and fewer emotion regulation strategies
[25]. More recent EMA studies [27-29] have focused on
SI variability, identifying distinct subgroups. One sub-
group, characterized by high mean SI with low variability,
was associated with prior suicide attempts in the preced-
ing month [27]. Another subgroup, marked by high SI
variability, had no history of prior suicide attempts [27]
but exhibited greater SI increases in response to stress-
ful events [28] and the highest levels of SI and depres-
sion [29]. Taken together, these findings underscore two
key insights: [1] examining the temporal dynamics of SI
can reveal distinct subgroups with unique patterns, and
[2] the number and characteristics of these subgroups
vary across studies, highlighting the need for further
investigation.

To optimally subtype S, it is crucial to use EMA data,
as it allows for the accurate capture of dynamic changes
in SI through frequent assessments over time. This ena-
bles the application of statistical models that leverage
the rich, intensive longitudinal data. While previous
research has contributed to our understanding of SI sub-
groups, conclusions may be limited when longitudinal
EMA data are summarized into person-level means and
variances for analysis. Such summary estimates of tem-
poral data can obscure valuable information, leading to
models that may inappropriately classify cases based on
mean and variance alone. For instance, an individual who
reports a stable level of SI followed by a period of high
variability could be grouped the same as someone with
a similar mean but a consistently low variance over time
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(Supplementary Fig. 1). This distinction between the two
cases is crucial for predicting future SI and determining
the most appropriate treatment approach [8]. We pro-
pose an alternative approach, longitudinal clustering,
which takes raw temporal trajectories into account and
better discriminates between these types of cases.

We aimed to use EMA data collected from a high-risk
psychiatric inpatient sample with STBs and apply longi-
tudinal clustering to identify potential subgroups of SI.
First, we sought to determine whether distinct subgroups
differed in terms of SI characteristics, specifically the
mean level of SI and its volatility. This research question
was informed by one of the earliest studies on SI char-
acteristics [27], and we hypothesized the presence of five
distinct subgroups. Second, we aimed to examine the
relationship between the identified subgroups and known
clinical risk factors for SI [10] hypothesizing that the
subgroups would exhibit distinct clinical profiles. This
hypothesis was exploratory, as the mixed results from
prior research made it difficult to draw definitive conclu-
sions regarding the specific clinical characteristics of the
subgroups.

Methods

This study is part of the larger Suicidal Ideation Moni-
toring (SIMon) study [30], a feasibility study designed to
assess [1] the feasibility and acceptability of implement-
ing a digital mental health protocol using self-reports and
behavioral measures via smartphone applications and
[2] whether SI and psychiatric hospital readmission can
be predicted from app-derived variables. In the SIMon
study, inpatient recruitment at the Psychiatric Univer-
sity Hospital Zurich, Switzerland, began in July 2019 and
concluded in November 2020. Assessments commenced
simultaneously in July 2019 and continued until the final
follow-up in February 2021. The ethics proposal of the
SIMon study was reviewed and approved by the Ethics
Committee of the Faculty of Arts and Social Sciences
(IRB) of the University of Zurich, Switzerland (approval
number 19.2.1). For structured and transparent report-
ing, we followed the STROBE guidelines for observa-
tional studies (Supplementary STROBE Checklist; [31].

Participants

We screened for the following inclusion criteria: [1] SI
or suicide attempts as the reason for hospital admission
independent of the psychiatric diagnosis, [2] sufficient
fluency in German, [3] older than 18 years of age, and
[4] owner of a smartphone. We defined SI as thoughts
to end one’s life with or without explicit intent [32], and
suicide attempts as an act in which a person harms them-
selves with the intention to die [32]. Suicidal ideation at
admission and a history of suicide attempts were assessed
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through discussions with the treatment team and review
of the electronic patient health records. Exclusion cri-
teria were the following: (1) plans to leave the greater
Zurich area during the study, (2) sharing a smartphone
with another person, (3) active military personnel (as
passive sensing and EMA assessments would be chal-
lenging in active duty), and (4) current psychotic episode.
Before data collection in the SIMon study, a power analy-
sis was conducted to determine the necessary sample
size for detecting a medium effect (Cohen’s 4 = 0.5) in
the outcome of suicidal ideation, as measured via EMA
(5 prompts per day for 28 days). The power analysis indi-
cated that achieving 80% power at a significance level of
0.05 required a conservative sample size of N= 80 [30].
To account for potential dropouts, we aimed to recruit
100 participants.

We screened 1,095 patients, the majority of whom were
excluded due to ineligibility or lack of interest in partici-
pating (n =1,007). Of the remaining 88 patients who pro-
vided written informed consent, 16 dropped out before
or during the baseline assessment, resulting in 72 partici-
pants who completed this phase. During the EMA phase,
58 participants successfully completed the assessment,
while 14 did not. By the follow-up assessment, a total of
22 participants were lost to follow-up, leaving 46 who
completed this final phase (see Supplementary Fig. 2).
For the analysis, we included the 58 participants who
completed the EMA phase.

Procedures

Patients who met the inclusion criteria were informed
about the study with the approval of the treating clini-
cian. Once patients agreed to participate in the study and
gave written informed consent, they were enrolled.

Baseline assessment

Participants completed a baseline assessment during
their hospital stay, which included self-report question-
naires (non-mandatory responses) to evaluate suicidal
thoughts, behaviors, and related psychological variables.
The assessment also involved a brief videotaped semi-
structured qualitative interview to capture linguistic and
acoustic features, a diagnostic interview, and the installa-
tion of the mobile application SIMON.

App data collection

The SIMON app was developed specifically for this study
to facilitate the collection of EMA and passive sens-
ing data. It was built on the open-source MobileCoach
software platform (www.mobile-coach.eu) and inte-
grated the Aware framework (https://awareframework.
com/) [30]. For 28 days, participants received prompts
to answer questions about social interactions (SI) and
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their well-being five times daily. The 28-day duration was
selected as it represents a critical period following dis-
charge [33]. Prompts were sent in a predefined 12-h time
frame according to a stratified random interval scheme
with the time frame divided into five equal intervals,
allowing for some individualization (e.g., from 9 AM to
9 PM, from 10 AM to 10 PM) [30]. EMA and passive
mobile data collection started once participants left the
hospital. Compliance with the protocol was promoted
through multiple strategies (see the protocol paper
for a full list, [30]). For example, participants received
text message reminders when their EMA response rate
dropped below 60% update. Also, in terms of positive
reinforcement, participants received weekly messages
from the chatbot thanking them for their valuable contri-
bution to suicide prevention research. Finally, in addition
to being reimbursed for taking part in the study (CHF 30
for each part of the study), participants can earn another
CHF 30 if their EMA response rate is above 60%, result-
ing in a total of CHF 120 for the whole study.

Follow-up assessment

The study was completed with a follow-up assessment
one month after the baseline assessment and entailed
self-rating questionnaires about suicidal thoughts and
behaviors and user experience with the app (for the study
design, see Supplementary Fig. 3).

Assessments

In this study, several questionnaires and assess-
ments were conducted. Here, only the questionnaires
and assessments relevant to these analyses are being
described.

Baseline assessment

At baseline, we assessed demographic and clinical vari-
ables using a variety of self-rating questionnaires. Prior
suicidal ideation was measured with the Beck Scale for
Suicide Ideation (BSS; German validated version; [34],
which can range from 0 to 38, with higher values indicat-
ing greater suicide risk. A history of abuse was assessed
with the Childhood Trauma Questionnaire (CTQ; [35],
which can range from 5 to 25, with higher values indi-
cating more extreme experiences of childhood maltreat-
ment. A history of stressful live events was assessed
with the Life Events Checklist (LEC; [36]), where events
were rated based on whether one experienced them one-
self, witnessed them, heard about them, was confronted
with them because of one’s job, or is unsure. The clini-
cal diagnosis was assessed by trained research staff (i.e.,
psychology students at least Master level) with the Mini
International Neuropsychiatric Interview (MINIL [37]).
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For an overview of all questionnaires administered in the
SIMon study, see Supplementary Table 2.

Ecological momentary assessment

We used EMA to assess SI fluctuations over time. Con-
sistent with methodologies employed in previous studies
[38, 39] and incorporating a validated EMA item scale,
we evaluated the severity of suicidal ideation using four
specific items. Two items measured active suicidal idea-
tion (‘At the moment, [ want to die by suicide’ and ‘At the
moment, I think about taking my life’), while two items
assessed passive suicidal ideation (‘At the moment, I feel
that life is not worth living’ and ‘At the moment, I have
more reasons to die than to live’). The items were rated
on a slider scale from ‘0’ to ‘100" (“not at all” to “very
much”), adding up to a total score that ranged from 0 to
400 (adapt from [29, 38, 39]). The scores from these items
were combined to calculate a total score for suicidal idea-
tion. For an overview of all EMA items of the SIMon
study, see Supplementary Table 3.

Statistical analyses

For the descriptive statistics, we computed means (M)
with standard deviations (SD) or standard error (SE)
for all measures of interest. We excluded participants
with four or fewer EMA data points (n =7, 12%), result-
ing in a final dataset of N= 51 for the main analysis. We
selected four as the threshold because exploratory analy-
ses revealed that a single case with four data points was
disproportionately influencing the results. This cutoff
balances data quality and sample retention, ensuring
meaningful contributions to the analysis.

First, we employed a longitudinal clustering approach
that groups cases based on their raw SI trajectories. We
had pre-registered the use of a Dynamic Latent Class
Structural Equation Model (DLC-SEM; [40]) for analyz-
ing the SI EMA data, as it does not require data aggre-
gation and preserves the temporal characteristics of the
data. However, due to the small sample size (N =51), the
DLC-SEM failed to converge. Several alternative methods
exist for estimating between-subject clusters from inten-
sive longitudinal data [41]. One such method, KmlShape,
is a k-Means longitudinal shape-respecting, distance-
based clustering algorithm [33], which takes raw scores
and the measurement occasion index as inputs. This
algorithm estimates k groups by maximizing homogene-
ity within each group regarding the temporal trajectories
of a variable and assesses similarity between time series
by calculating discrete Fréchet distances [42, 43] between
the nearest measurement occasions. Additionally,
KmlShape incorporates case-level mean information to
account for similarities among cases with similar trends,
even if they occur at different times (Supplementary
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Fig. 5). A key advantage of this longitudinal classification
approach, particularly for EMA data, is its natural han-
dling of missing data. The algorithm creates a continuous
average trajectory between cases, extending this logic to
groups by linking the nearest available observations using
discrete Fréchet distances. For our analysis, we estimated
classes using a four-cluster solution, based on our rep-
lication of previous work [27] and for comparison with
cross-sectional latent profile analysis (Supplementary
Analysis, Supplementary Figs. 6—8, and Supplementary
Table 1).

Second, we used linear and logistic regression analyses
to examine the relationship between the latent subgroups
and established risk factors for SI [10]. The risk factors
considered included prior STBs, such as a history of sui-
cide attempts [44] and prior SI, as assessed by the BSS;
hopelessness, measured via EMA; depression diagno-
sis, assessed using the MINI; history of abuse, including
childhood trauma, evaluated with the CTQ total score
and subscales [20, 28]; other stressful life events, as meas-
ured by the standard total score of the LEC, following
Weis et al’s recommendations [45]; and anxiety disorder
diagnosis, assessed using the MINI. To control for multi-
ple comparisons and minimize the risk of Type I errors,
we applied the Holm-Bonferroni correction method.

Data and code availability

This paper was written in R (version 3.6.2) with the R
packages rmarkdown (version r 2.29); represearch (ver-
sion r 0.0.0.9000; https://github.com/philipphoman/
represearch.git); knitr (version r 1.49); and papaja (ver-
sion r 0.1.3). We computed longitudinal clustering using
kmlShape (version r 0.9.5) [33]. Data and code are avail-
able online to ensure reproducibility at https://osf.io/
xtreu/ and study preregistration at https://osf.io/epavé.

Results
Descriptive statistics
Considering the initial data set of 58 participants, the
EMA with five prompts per day for 28 days would have
allowed to collect 8,120 data points in this sample. How-
ever, 7 participants (12%) responded to four or fewer
prompts and were therefore excluded from the analysis.
The remaining 51 participants (33 female, 65%, age
M = 35.14, SD = 12.30) provided 2,435 valid EMA
responses, with an average of 47.75 per participant (SD =
36.31), corresponding to an overall response rate of 34%.
Response rates were highest during the first week, with
806 responses (33% of the total), but declined steadily
over the subsequent weeks: 27% in week 2, 23% in week
3, and 17% in week 4 (see Supplementary Fig. 4).
All participants fulfilled the inclusion criteria and had
been admitted to the hospital for either suicidal ideation
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or after a suicide attempt. At baseline, 23 participants
(45%) reported experiencing moderate to severe suicidal
ideation in the last seven days, as indicated by a mean
BSS total score of 17.61 (SD =7.88); data was not avail-
able from 28 participants. A history of suicide attempts
(BSS item 20) was reported by 19 participants, 14 [27]
of whom reported two or more attempts; data was not
available from 20 participants. Among the participants
with prior suicidal ideation, 17 out of 23 (74%) also had a
history of suicide attempts. Additionally, 20 participants
(39%) reported a history of non-suicidal self-injury; data
was not available from 20 participants. Among the par-
ticipants with prior suicidal ideation, 16 (70%) also had
a history of non-suicidal self-injury. Regarding the most
frequent diagnoses, 35 (69%) had a diagnosis of major
depression (live time) and 29 (57%) of an anxiety disorder.

Throughout the study, 10 participants had to be read-
mitted. Of those, more than half were readmitted once
(6, 60%). For most participants (9, 90%), this fell within
the EMA phase, which could have contributed to the low
EMA response rate considering the emotional distress
of participants. Only a fraction of readmissions was dur-
ing the follow-up phase (1, 10%). For participants in the
EMA phase, the first readmission happened on average
45.14 days after hospital discharge (SD = 62.43, range: 8,
182), for participants in the follow-up phase, the read-
mission was after 294 days. More details on the sample
are summarized in Table 1.

Longitudinal clustering

The four-cluster solution exhibited high stability given
the modest sample size showing consistent class mem-
bership during repeated runs for the four extracted sub-
groups (Table 2). The subgroups were defined based on
SI mean and volatility as follows (Fig. 1): (1) high mean,
medium variability, and high maximum (“High SI, mod-
erate variability” subgroup containing 14 patients (27%)),
(2) lowest mean, lowest variability, and lowest maximum
(“Lowest SI, lowest variability” subgroup containing 14
patients (27%)), (3) low mean, medium variability, and
high maximum (“Low SI, moderate variability” subgroup
containing 13 patients (25%)), and (4) highest mean,
highest variability, and highest maximum (“Highest SI,
highest variability” subgroup containing 10 patients
(20%)).

Clinical characteristics of subgroups

We identified several significant associations between the
risk factors and the subgroups (Fig. 2). Subgroup 1 (“High
SI, moderate variability”) comprised mildly hopeless
individuals (EMA ‘hopelessness’ item: beta =0.29, 95%
CI =0.21, 0.37, P< 0.001, corrected P< 0.001) but was
not characterized by other clinical risk factors. Subgroup
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Table 1 Descriptive statistics Table 1 (continued)

Variable N N=51' Variable N N=51'
Age 50 35.14(12.30) NA 20

NA 1 Emotional abuse (CTQ subscale score) 31 14.00 (6.61)
Sex 50 NA 20

female 33/50 (66%) Physical abuse (CTQ subscale score) 31 9.87 (6.25)
male 17/50 (34%) NA 20

NA 1 Sexual abuse (CTQ subscale score) 31 9.39 (6.05)
Nationality 32 NA 20

Other European countries 4/32 (13%) Emotional neglect (CTQ subscale score) 31 14.87 (5.84)
Swiss 25/32 (78%) NA 20

Swiss, double citizenship 3/32 (9.4%) Physical neglect (CTQ subscale score) 31 10.13 (3.91)
NA 19 NA 20

Living situation 31 BSS, Beck Scale for Suicide Ideation; CTQ, Childhood Trauma Questionnaire; Note
Alone 14/31 (45%) that baseline data were not available for all patients

Shared 6/31 (19%) ! Mean (SD); n/N (%)

Assisted living 1/31(3.2%)

With parents 1/31 (3.2%)

With partner 4731 (13%) 2 (“Lowest SI, lowest variability”) comprised individuals
Other 5/31 (16%) who were the least hopeless (EMA ‘hopelessness’ item:
NA 20 beta =— 0.8, 95% CI =— 0.9, — 0.7, P< 0.001, corrected
Education level 30 P< 0.001) compared with the other subgroups but was
Apprenticeship 11/30 (37%) not associated with other clinical risk factors. Subgroup
College 5/30 (17%) 3 (“Low SI, moderate variability”) comprised individuals
Highschool 3/30 (10%) who were slightly below average hopeless (EMA ‘hope-
Junior high school 5/30 (17%) lessness’ item: beta =— 0.39, 95% CI =— 0.5, — 0.29, P<
University 6/30 (20%) 0.001, corrected P< 0.001) and who had fewer stressful
NA N life events (LEC standard total score: beta =— 1.05, 95%
Rehospitalized 29 Cl=-2,-0.1, P< 0.001, corrected P< 0.001) compared
Ves 10/29 (34%) with the other subgroups. Finally, subgroup 4 (“High-
No 19720 66%) €St SI, highest variability”) comprised the most hopeless
NA 2 individuals (EMA ‘hopelessness’ item: beta =0.48, 95%
Number of rehospitalizations 10 CI =0.36, 0.6, P< 0.001, corrected P< 0.001) , who had a
. 6/10 (60%) history of childhood trauma, including a history of sexual
) 3/10 (30%) and emotional abuse (CTQ total score: beta =1.02, 95%
3 110 (10%) CI =0.02, 2.03, P= 0.047, corrected P= 1; CTQ SA sub-
NA 41 scale: beta =1.09, 95% CI =0.1, 2.08, P= 0.032, corrected
Severity of suicidal ideation (BSS total score) 23 17.61 (7.88) P=1; CTQ EA subscale: beta = 1'03"95% (‘ZI‘= 0'94’ 2'92’
NA 28 P= 0.042, corrected P= 1), and prior suicidal ideation
History of suicide attempts (BSS item 20) 5 (BSS total score: beta =1.12, 95% C‘I =0.03, 2.21, P=
Never 12/31 39%) 0.045, corrected P= 1) compared Wl‘fh‘ the other sub-
Once 5/31 (16%) groups. Note that only a subsgt of participants haq base-
Twice or more than twice 14731 (45%) line pathology scale data available for the analysis (see
NA - Table 1). For the summary of the regression results, see
History of non-suicidal self-injury . Sl}pplementary F%g. 9. The subgrougs were r{ot associated
Ves 20/31 (65%) w‘1th th? other risk ‘factors (1.<'e., prior suicide aFtemst,
No 11731 (35%) diagnosis of depression, and diagnosis of an anxiety dis-
NA 50 order; see also Supplementary Tables 4-10).

Life Events Checklist (LEC standard total score) 30 6.47 (4.55)

NA 21

History of childhood trauma (CTQ total score) 31 65.13 (18.62)
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Table 2 Summary of analysis results for longitudinal clustering
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Estimated class N Sl mean SIsD SIRMSSD Maximum S| Response %
Subgroup 1 14 132.90 60.83 61.14 218.79 26.17
Subgroup 2 14 21.29 18.84 2346 82.36 4041
Subgroup 3 13 74.22 55.83 61.64 258.54 38.96
Subgroup 4 10 240.65 80.85 94.46 353.30 30.07

N, number of subjects; Response %, percent of prompts for which a nonzero score on Sl was reported; RMSSD, root mean square of successive differences; SD,

standard deviation; SI, suicidal ideation

1 2
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Measurement Occasion
Fig. 1 Suicidal ideation subgroups. The line plot depicts the suicidal ideation (SI) trajectories by estimated class: (1) “High SI, moderate
variability” subgroup, (2) “Lowest SI, lowest variability” subgroup, (3) “Low SI, moderate variability” subgroup, and (4) “Highest SI, highest variability”
subgroup. A LOESS line is fitted to the trajectories of each subgroup to depict the average trend. The mean of the overall sample is zero, and this
transformation was applied prior to the analysis. If the LOESS line dips below zero, it indicates that the fitted S for that subgroup has fallen
below the mean of the overall sample. On the x-axis, measurement occasions are depicted with zero, representing the day post-discharge
from acute psychiatry and the start of EMA, and 140 is the maximum of possible data points (5 prompts per day for 28 days)

Discussion

Our ecological momentary assessments (EMA) found
four distinct suicidal ideation (SI) subgroups that dif-
fered in SI mean and volatility. We used EMA since SI
fluctuations might be crucial for suicide risk prediction.
Yet, the heterogeneity between individuals in these
fluctuations is challenging, and one explanation for the
previously found heterogeneity might be underlying

subgroups. Regarding our candidate risk factors, sub-
groups 2 (“Lowest SI, lowest variability”) and 3 (“Low
SI, moderate variability”) presented clinically with the
least burdened profiles, subgroup 1 (“High SI, moderate
variability”) with slightly elevated hopelessness levels,
while, in comparison, subgroup 4 (“Highest SI, high-
est variability”) was presenting a highly burdened pro-
file with high levels of hopelessness, a history of abuse
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Fig. 2 Association of suicidal ideation subgroups with common correlates. The dot plot presents a selection of significant predictors

from the regression analysis, revealing that all significant associations emerged exclusively from the continuous risk factors across the analyzed
subgroups as measured with self-rating scales including the Childhood Trauma Questionnaire (CTQ), the Beck Suicide Ideation Scale (BSS),

and the Life Events Checklist (LEC), and ecological momentary assessments (EMA). These results, represented as beta coefficients with their 95%
confidence intervals, stem from regression analyses examining the associations between suicidal ideation subgroups and common correlates [10]

(sexual and emotional), and prior SL In contrast to the
other subgroups, subgroup 4 had a high mean SI that
fluctuated over time, highlighting the importance of
identifying subgroups of suicidal ideation based on dis-
tinct fluctuation patterns and clinical characteristics to
develop personalized, effective suicide prevention strat-
egies and advance consistent, reliable research.

Using the information on SI temporal characteristics
(i.e., differences in mean and volatility) for subgroup-
ing builds on prior work [27-29]. So far, the number of
subgroups suggested has differed between studies. In
our study, the four-subgroup solution best represented
the data. Only one other study also suggested four sub-
groups [29], while the others suggested five [27] and
two [28]. Of those, two studies [27, 29] were similar in
design, approach, and study population, thus compa-
rable to this study. Therefore, the findings of this study
regarding the SI and clinical characterization of the
subgroups are being discussed in comparison to those
two studies in the following. One possible explanation
for differences in the retrieved subgroups is the specific
items used to assess suicidal ideation [46]. The wording
of the self-report item, particularly the suggestion that
suicidal ideation was “serious’, influenced participants’

response behavior [46]. To improve consistency, more
clearly defined constructs are needed to facilitate uni-
fied, brief self-report assessments.

In terms of SI characterization, the high-risk subgroup
in our study (subgroup 4, “Highest SI, highest variabil-
ity”) is comparable with the high-risk subgroup (subtype
2) in Spangenberg and colleagues’ [29] study that showed
the same SI characterization of high mean and high vari-
ability and was clinically also the most burdened sub-
group as it presented with the most severe prior SI and
depression levels. In contrast, in Kleiman and colleagues’
[27] study, the high-risk subgroup (subgroup 5) was char-
acterized by high mean and low variability. This subgroup
presented clinically as the subgroup with a considerably
higher proportion of individuals who had made a suicide
attempt in the month before the study and even the week
before the study. Taken together, our study shows that
the chronic profile (i.e., high mean and high variability SI)
from previous cross-sectional studies [47] is also appar-
ent in longitudinal trajectories and that this subgroup
is clinically highly burdened. Future research is needed
to examine this subgroup in greater depth, including a
larger sample and focusing on the most compelling risk
factors.
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Hopelessness emerged as the one meaningful risk fac-
tor for each of the subgroups in our study, showing a
unique manifestation in the four subgroups, with the
most severe form in the high-risk subgroup (subgroup 4,
“Highest SI, highest variability”) and the least severe form
in the subgroup with the lowest mean and lowest volatil-
ity (subgroup 2, “Lowest SI, lowest variability”). This is in
line with previous findings that considered hopelessness
an important SI predictor (odds ratio =3.28) [48], a rela-
tionship already recognized early [49]. Given that hope-
lessness can be effectively targeted and reduced through
psychotherapy [50], which may, in turn, help lower sui-
cidal ideation risk, this becomes a critical focus area.
Consequently, at-risk individuals showing a high mean
and high volatility pattern should be considered more
vulnerable. They would benefit from close monitoring
and potentially just-in-time adaptive interventions [51].
In addition to hopelessness, a history of trauma, par-
ticularly sexual and emotional abuse, and prior suicidal
ideation were clinically significant in distinguishing the
subgroups. This supports the hypothesis that the sub-
group characterized by more fluctuating suicidal ideation
(subgroup 4) represents a stress-responsive subtype [20]
associated with childhood trauma. Both trauma and prior
suicidal ideation are highly relevant clinical risk factors,
as they can and should be addressed in therapy. For adult
survivors of childhood abuse, trauma-focused treatments
are significantly more effective than non-trauma-focused
approaches [52]. Meanwhile, interventions targeting sui-
cidal ideation, whether direct or indirect, have demon-
strated positive outcomes [53].

Interestingly, we found no evidence that the subgroups
differed in terms of other expected predictors, such as a
history of suicide attempts or a diagnosis of depression or
anxiety disorders. This is surprising, given prior research
suggesting a relationship between suicidal ideation and
these risk factors [10], as well as their significance as dis-
tinctive features for subgroups of suicidal ideation [27,
29]. The non-significant predictors in our study were cat-
egorical, unlike the continuous ones examined. A possi-
ble explanation for this result is that the study may not
have been sufficiently powered to detect these effects in
the logistic regression analyses. Larger studies are needed
to investigate the clinical characterization of the sub-
groups further. Future studies should focus on examin-
ing subgroups with a history of both suicide attempts and
non-suicidal self-harm, as well as those with a history of
only suicide attempts or only non-suicidal self-harm. Our
sample size was too small to explore these differences
effectively. What is more, further research is required to
examine suicidal ideation over an extended period, allow-
ing for a more comprehensive assessment of the stabil-
ity of class membership. To date, this remains an open
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question [22], along with whether changes in class mem-
bership reflect shifts in the suicidal state or signify a criti-
cal period during which suicidal thoughts or behaviors
are more likely to emerge.

Limitations and Strengths

Some limitations merit comment. First, while retain-
ing pre-registered research questions (see Supplemen-
tary Analysis) regarding replication and extensions, we
changed the statistical approach because of the small
sample size. Longitudinal clustering with k-means is con-
sidered appropriate for intensive longitudinal data, even
with small samples [41]. It is non-parametric, making it
most suited for our goal of exploring SI profiles. Further,
an unavoidable issue with clustering approaches regards
stochastic starting points, which leads to differences in
clustering solutions across repeated runs. To provide
some certainty in our solution, we compared class mem-
bership across repeated runs revealing acceptable stabil-
ity. Second, we lacked an independent sample to attempt
a direct replication of our findings. However, our primary
objective was to replicate previous findings [27] using the
same statistical approach (see the latent profile analysis
results in the Supplementary Material) and to extend this
replication with a more advanced method, namely longi-
tudinal clustering. Nonetheless, future studies should aim
to replicate our longitudinal clustering findings in inde-
pendent, larger samples. Third, albeit large for a clinical
inpatient sample, our sample size was still small consid-
ering the complex analyses and had considerable miss-
ing data points (response rate =34%). Recruitment and
study adherence were challenging because of the focus
on high-risk psychiatric inpatients and the critical four-
week period after hospital discharge, which is typically
associated with high rates of STBs, mood deterioration,
and readmission [54]. Further, the COVID- 19 pandemic
constituted another challenge with fewer admissions
because of SI despite more admissions because of a first
suicide attempt [55] and an impact on psychological well-
being that might have influenced SI severity [56]. Yet, we
did not observe a statistically significant difference in SI
severity between individuals recruited before and during
the pandemic (£([49]) =— 0.29, P = 0.78; see Supplemen-
tary Fig. 10). Fourth, there were many missing values in
the baseline data set (i.e., for BSS total score n= 28, CTQ
total score =20). The missing values arose from the non-
mandatory response settings of the online survey used
for the baseline questionnaires. Nonetheless, the subjects
were included because of their EMA data (n =51 com-
plete data sets), which formed the basis of the primary
analysis. For the secondary analysis, we acknowledged
the limitation of the results due to missing values. Fifth,
we did not assess gender identification, which might be
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a risk factor and potential characterization trait. Sixth,
we did not assess racial/ethnic identification as a socio-
demographic characteristic, but only asked participants
to report on their country of origin. Last, the response
rate of 34% was low, which posed a limitation for data
analysis. A potential explanation for the limited data
could be that participants were less likely to respond to
prompts during periods of crisis or heightened alertness.
This is particularly relevant given that the post-hospital
discharge period is associated with an increased risk of
suicide [54]. One way to test this hypothesis would be
through retrospective assessments of these states or by
incorporating an additional, objective measure, such
as data from passive mobile sensors. Another possi-
ble explanation is that the number of daily prompts was
too high or that the EMA phase was too lengthy. The
observation that week four had the lowest response rate
(17% compared to 33% in week one) supports the latter
explanation.

An important strength of our study was that we used
a relatively novel statistical approach. In comparison
to previous studies that relied on latent profile analysis
(e.g., [27, 29], we used longitudinal clustering. Longitu-
dinal clustering is an advanced statistical approach that
considers the raw temporal trajectories and the whole
richness of information of the longitudinal, dynamic
EMA data. This is not the case for latent profile analysis,
a cross-sectional approach that requires EMA data to be
summarized into person-level means and variances. The
consequence is losing valuable information and a model
that can only improperly discriminate cases based on a
mean and variance. Cases with the same summary statis-
tics but different time courses with dynamically different
unfolding over time cannot be distinguished (see Supple-
mentary Fig. 1 for an illustration). Latent profile classifi-
cation has contributed to SI research; however, caution
should be taken with cross-sectional summaries of tem-
poral phenomena that might fail to represent potentially
meaningful differences in the original trajectories.

Conclusions

Suicidal ideation is a temporal phenomenon, and sub-
groups should be established with this dimension
intact. The aim is to find clinically meaningful sub-
groups that represent patterns of the interplay between
fluctuation and persistence that predict the worsening
of the suicidal state. The longitudinal approach used in
this study successfully identified subgroups with clini-
cally relevant characteristics, but further replication in
larger samples using equivalent statistical methods is
necessary to confirm their validity. Understanding these
subgroups and their associated clinical features can
enhance suicide prevention by enabling more precise
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and personalized interventions. Rather than applying
uniform treatment strategies to all at-risk individu-
als, subgroup-based approaches can uncover unique
risk factors and clinical needs, allowing for more tai-
lored interventions. For example, high-risk groups such
as subgroup 4, characterized by high and fluctuating
SI, may benefit from targeted treatment focusing on
hopelessness [50], trauma [52], and suicidal ideation
[53]). A subgroup-specific therapeutic approach can
optimize treatment precision, address individual risk
factors more effectively, and ultimately contribute to
reducing suicide risk.
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