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Abstract
Background  Suicidal and self-harm ideation are major risk factors for suicide but are often difficult to detect, 
particularly in non-clinical populations. Ecological Momentary Assessment (EMA) offers a real-time, low-burden 
method for monitoring psychological states, yet its predictive value outside clinical settings remains unclear.

Objective  To evaluate whether brief, indirect daily EMA data collected via a smartphone app can predict suicidal and 
self-harm ideation two weeks later in a general population sample.

Methods  A total of 499 adults in Korea completed 28 days of EMA using the BIG4 + app, reporting on seven daily 
items related to mood, sleep, appetite, concentration, fatigue, and loneliness. Suicidal and self-harm ideation were 
assessed using the CESD-R at baseline, 2 weeks, and 4 weeks. A recurrent neural network with Long Short-Term 
Memory (LSTM) architecture was trained on two-week EMA sequences, using 10-fold cross-validation.

Results  The combined model using EMA and baseline data achieved an AUC of 0.873 for suicidal ideation and 0.821 
for self-harm ideation. Predictive accuracy exceeded an AUC of 0.75 by day 6. Participants with ideation consistently 
showed lower scores on all EMA items. The study achieved a 94% compliance rate.

Conclusions  Brief, indirect EMA data can predict near-term suicidal and self-harm ideation in a general population. 
These findings support the feasibility of smartphone-based EMA as a scalable and non-intrusive tool for early 
detection of suicide risk.

Clinical trial number   Not applicable.

Keywords  Ecological momentary assessment, Suicidal ideation, Self-Harm, Digital mental health, Deep learning, 
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Introduction
Suicidal ideation encompasses a spectrum of thoughts, 
ranging from passive desires for death to active plans 
for self-harm, and represents a significant global men-
tal health issue. Passive suicidal ideation, such as wish-
ing to die without actionable intent, often coexists with 
active suicidal ideation, which involves planning or intent 
to end one’s life. The prevalence of suicidal ideation is 
alarmingly high, with approximately 5.8% of individuals 
in the general population experiencing passive suicidal 
ideation annually and lifetime prevalence rates reaching 
up to 10.6%​ [1]​. Given the critical role of suicidal ide-
ation in suicide prevention, mental health guidelines rec-
ommend using open-ended questions to assess suicidal 
thoughts. However, research indicates that many individ-
uals feel uncomfortable disclosing their suicidal ideation 
[2]​, while others struggle to articulate their thoughts [3, 
4]​. This challenge is particularly problematic in suicide 
risk assessments, as individuals may deliberately conceal 
their thoughts to avoid intervention or hospitalization. 
Consequently, these barriers emphasize the urgent need 
for effective predictive tools that account for both verbal-
ized and unexpressed suicidal ideation. As a well-estab-
lished predictor of suicide attempts, suicidal ideation 
necessitates timely detection and targeted interventions. 
While traditional face-to-face assessments remain essen-
tial, non-face-to-face methods and other innovative sui-
cide risk assessment strategies could serve as valuable 
complementary tools, enhancing accessibility and early 
detection efforts. Despite the recognized importance of 
suicidal prediction, progress in this area has been limited. 
A seminal meta-analysis by Franklin et al. revealed that 
our ability to predict suicidal behavior has stagnated over 
the past 50 years, with predictive accuracy often compa-
rable to chance [5]​.

Self-harm, defined as the deliberate injury to oneself 
without suicidal intent, is an escalating public health 
concern, particularly among adolescents and young 
adults. Recent studies indicate a significant rise in self-
harm behaviors, with emergency department visits for 
self-inflicted injuries increasing among young people​. 
Although self-harm is often used as a maladaptive strat-
egy for emotional regulation​ [6], it is also closely associ-
ated with impulsivity. Many individuals who engage in 
self-harm report difficulty articulating the precise rea-
sons for their actions, complicating both assessment and 
intervention [7]​. Despite its high prevalence and clinical 
significance, the accurate prediction of self-harm remains 
challenging. A systematic review and meta-analysis 
examining clinicians’ ability to predict future self-harm 
revealed low predictive accuracy, with a pooled sensitiv-
ity of approximately 31% and a positive predictive value 
of only 22% [8]. Traditional assessments, which often 
rely on retrospective self-reports, may not capture the 

transient and dynamic nature of self-harm urges [9]​. This 
suggests that current clinical assessments may not effec-
tively identify individuals at risk, underscoring the need 
for improved predictive methodologies.

Recently, smartphone-based solutions have emerged 
to monitor suicide risk, with the aim of detecting, in real 
time, the potential suicidal gesture within a short period 
[10]. These technologies are widely available and eas-
ily leveraged to collect real-time ecological momentary 
assessment (EMA) data [9]. EMA involves repeated sam-
pling of an individual’s behaviors and experiences in real 
time, in the person’s natural environment. Patients are 
prompted to enter information into their smartphone at 
specific time intervals based on the type of assessment 
conducted. Unlike retrospective assessments, EMA mini-
mizes recall bias and captures temporal dynamics. By 
providing a more accurate and ecologically valid depic-
tion of symptoms, EMA offers greater ecological validity 
by capturing risk within daily life contexts in which sui-
cide risk fluctuates [11]. Daily monitoring of mood and 
other symptoms may also improve patient insight and 
facilitate earlier interventions [12]. The strength of EMA 
for suicide research lies in its ability to detect nuanced, 
time-sensitive changes in risk that may be missed by tra-
ditional methods.

Indeed, a growing body of literature has explored the 
application of EMA for predicting suicidal ideation and 
self-harm, primarily within clinical or high-risk popula-
tions [13, 14]. Psychiatric inpatient and outpatient sam-
ples have been widely studied using EMA to examine 
short-term risk patterns. For example, real-time assess-
ments of emotional states such as sadness, tension, and 
boredom have been shown to predict suicidal ideation 
in hospitalized patients with major depressive disorder 
[15]. Among adolescents and young adults, EMA has 
revealed that self-injurious thoughts frequently co-occur 
with negative affect and urges for other impulsive behav-
iors [16]. In individuals with borderline personality dis-
order, heightened mood intensity captured through EMA 
was linked to increased suicidal thoughts and behaviors 
[17]. Moreover, studies in high-risk patients recently dis-
charged after a suicide attempt have demonstrated that 
intensive EMA protocols are both feasible and safe [18]. 
These findings underscore the predictive potential of 
EMA in clinical settings, particularly when paired with 
machine learning techniques capable of detecting pat-
terns associated with imminent risk. Building on this 
work, Several studies have demonstrated that deep learn-
ing models—particularly Long Short-Term Memory 
(LSTM) networks—are well suited for capturing tempo-
ral dependencies and affective fluctuations in momen-
tary assessments [19, 20] Because suicidal ideation and 
self-harm urges fluctuate over short timescales, these 
sequential models provide a promising framework for 
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identifying dynamic risk patterns that may not be detect-
able with traditional statistical approaches [21]. This 
prior work highlights the methodological relevance of 
LSTM-based models for examining short-term suicide 
risk.

Although prior EMA research has demonstrated fea-
sibility and strong predictive potential in clinical or 
high-risk samples, it remains unclear whether brief, 
low-burden EMA assessments can identify suicidal or 
self-harm ideation in the general population, where such 
thoughts often go unnoticed due to limited help-seeking. 
To address this gap, the present study examines whether 
simple daily EMA responses collected over two weeks 
can predict suicidal or self-harm ideation assessed two 
weeks later. We further evaluate whether EMA-derived 
affective patterns provide incremental predictive value 
beyond baseline demographic and psychosocial charac-
teristics, and whether predictive performance improves 
as additional days of EMA data are incorporated. By clar-
ifying the utility of brief EMA protocols in non-clinical 
samples, this study aims to inform scalable, early identifi-
cation strategies for suicide prevention.

Methods
Participants and procedures
Eligible participants were aged between 18 and 65 years 
and resided in the Republic of Korea. Recruitment 
was conducted through internet-based advertisements 
between November 2023 and January 2024. To be eli-
gible, participants needed to own a smartphone reg-
istered in their name, have the capability to install the 
BIG4 + mobile app used in this study, and run an operat-
ing system version of at least 12 for Android devices or 
15.5 for iOS devices. Digital consent forms were obtained 
prior to participation, and installation instructions were 
provided by the consumer service team. Participants who 
encountered technical issues preventing successful app 
installation were deemed ineligible. Participants received 
modest compensation for their time and effort upon 
completion of the study, independent of EMA response 
content. The study was approved from the Public Institu-
tional Bioethics Committee designated by the Ministry of 
Health and Welfare of the Korean Government (MOHW; 
P01-202411-01-038).

Measures
Demographics and suicidal/self-harm ideation
Demographic information collected included ages, sex, 
education level, and history of psychiatric diagnoses. 
Additionally, participants provided subjective assess-
ments of presence of a close confidant, family relation-
ships, number of social groups with perceived belonging, 
and socioeconomic status.

Suicidal and self-harm ideation at baseline were 
assessed using the Korean version of the Center for Epi-
demiologic Studies Depression Scale – Revised (K-CESD-
R). The presence of suicidal ideation was determined 
using item 14 (“I wished I were dead”), while self-harm 
ideation was assessed with item 15 (“I wanted to hurt 
myself”). Responses were rated on a 0 to 4 scale, where 
0 indicated “not at all” and 1 to 4 reflected increasing fre-
quencies from “1 day” to “nearly every day for 2 weeks.” 
Responses of 0 were categorized as absence of ideation, 
while scores of 1 or higher were classified as presence of 
suicidal or self-harm ideation.

The K-CESD-R was administered at baseline and 
repeated at two-week intervals, resulting in three time-
points (baseline, week 2, and week 4). To align with the 
prediction framework, the 28-day EMA dataset was split 
into two 14-day segments, with each segment used to 
predict ideation at the corresponding K-CESD-R time-
point (day 14 and day 28). As a result, each participant 
contributed two time-aligned observations, yielding a 
total of 998 observations from 499 participants. These 
observations were categorized based on the presence or 
absence of suicidal and self-harm ideation and used for 
further group comparisons.

Ecological momentary assessment (EMA)
Active EMA data were collected using the BIG4 + mobile 
application, an open-source platform available for 
Android and iOS. The app administered brief daily self-
reports on mental health indicators. All participants 
responded to four core items (overall mood, appetite, 
perceived sleep quality, and overall daily experience), 
and additionally selected three optional items (ability 
to concentrate, perceived fatigue, and feelings of loneli-
ness), which were fixed for this study. Each item assessed 
the participant’s state over the past 24  h and was rated 
on a 7-point Likert scale from 1 (“very bad”) to 7 (“very 
good”). Higher scores indicated more favorable subjec-
tive states. Participants also reported their perceived 
sleep duration (in hours) for the previous night.

Participants were prompted at a self-selected time 
each day to complete the EMA. Data were collected for 
28 consecutive days. The daily sampling design aimed 
to capture within-person fluctuations while minimizing 
recall bias through real-time assessment in participants’ 
natural environments.

The present study was not designed to model fine-
grained within-day affective variability. Rather, it aimed 
to examine whether low-burden, once-daily EMA assess-
ments could capture cumulative affective patterns asso-
ciated with suicidal or self-harm ideation at a two-week 
follow-up. Given the community-based, non-clinical 
sample and the emphasis on feasibility and sustained 
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engagement, a once-daily EMA design was selected to 
balance informational value with participant burden.

Statistical analysis
Continuous variables were reported as means ± stan-
dard deviation (SDs), while categorical variables were 
expressed as counts and percentages. To compare the 
differences between two groups based on the presence 
or absence of suicidal or self-harm ideation, independent 
two sample t-tests were used for continuous variables and 
chi-squared tests for categorical variables. These analyses 
were conducted using Python version 3.8 (Python Soft-
ware Foundation, Wilmington) and R software (version 
4.1.1; R Foundation for Statistical Computing, Vienna, 
Austria). Statistical significance was set at a p-value of 
less than 0.05.

Predictive model performance was evaluated using 
the area under the receiver operating characteristic 
curve (AUC), sensitivity, specificity, positive predictive 
value (PPV), and negative predictive value (NPV). AUC 
reflected overall discriminative ability, while sensitiv-
ity and specificity indicated the correct identification of 
individuals with and without suicidal or self-harm ide-
ation. PPV and NPV represented the probabilities that 
predicted high- or low-risk classifications corresponded 
to observed ideation status at follow-up.

Overall, missing EMA responses accounted for approx-
imately 6% of all scheduled EMA assessments.

Modeling approach and predictive performance
To evaluate whether daily EMA data could predict near-
future ideation, we trained a recurrent neural network 
using Long Short-Term Memory (LSTM) architecture, 
chosen for its ability to model time-dependent sequences 
and learn long-term dependencies in sequential data. We 
constructed LSTM cells corresponding to 14 days, which 
receive input from EMA and demographic information at 
each time point. Each LSTM cell combines information 
about the current time with information received from 
the previous LSTM cell and outputs a prediction for the 
outcome.

Missing EMA values were imputed using linear inter-
polation, given the low proportion of missing EMA 
responses. Model performance was evaluated using 
10-fold cross-validation. To assess the incremental con-
tribution of EMA data, we compared models trained 
on: (1) baseline data only (2), EMA data only (3), basic 
EMA items (4 core variables), and (4) combined base-
line and full EMA data. We also examined how predic-
tive performance evolved as additional days of EMA data 
were incorporated over the 14-day window, by tracking 
changes in AUC at each step.

Results
Baseline characteristics
Among the 499 participants (mean age 32.79 years, 
SD 11.12; 342 [68.5%] female), 57 individuals (11.4%) 
reported a history of psychiatric diagnoses. Over 
the 28-day EMA period, a total of 13,140 daily EMA 
responses were collected, yielding a high compliance rate 
of 94.0%.

EMA data were split into two 14-day segments per 
participant, resulting in 998 total observations. Among 
these, 146 were classified as indicating suicidal ideation 
(mean age 31.90, SD 10.72; 76.7% female), and 75 as indi-
cating self-harm ideation (mean age 30.55, SD 9.48; 77.3% 
female). Compared to those without ideation, the suicidal 
ideation group included a significantly higher proportion 
of females, while the self-harm ideation group was signif-
icantly younger on average.

Significant group differences were also found in key 
psychosocial variables, including the presence of a close 
confidant, quality of family relationships, number of 
social groups with perceived belonging, education level 
(middle school graduate, high school graduate, some col-
lege or 2-year degree, university graduate, and graduate-
level education), and perceived socioeconomic status. 
The prevalence of psychiatric diagnoses was highest in 
the self-harm ideation group (40.0%), followed by the sui-
cidal ideation group (26.0%).

Regarding temporal patterns of ideation, 66.4% of par-
ticipants who reported suicidal ideation at the two-week 
follow-up had also reported it at baseline, while 33.6% 
developed suicidal ideation during the two-week interval. 
Conversely, 6.1% of those who initially reported suicidal 
ideation at baseline no longer did so at follow-up. For 
self-harm ideation, 62.7% of follow-up reports reflected 
persistence from baseline, while 37.3% represented newly 
developed ideation. Only 2.9% of individuals showed 
remission of self-harm ideation over the same interval. 
Full demographic details are presented in Table 1.

Comparison of two-week EMA data by group
Participants with suicidal or self-harm ideation consis-
tently reported significantly lower scores across all seven 
EMA items— overall mood, appetite, perceived sleep 
quality, overall daily experience, ability to concentrate, 
perceived fatigue, and feelings of loneliness—compared 
to those without ideation. The group with self-harm 
ideation exhibited the lowest scores across all domains, 
including subjective sleep duration, suggesting more pro-
found impairments in daily functioning and well-being 
(Table 2).

Prediction model performance
Table  3 presents the performance metrics for models 
predicting suicidal or self-harm ideation at the two-week 
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follow-up. The models were evaluated based on differ-
ent sets of predictors, including baseline characteristics 
(Table  1), the basic four EMA items (mood, appetite, 
sleep, and general condition), the full set of EMA items, 
and a combined model incorporating both baseline data 
and the full set of EMA items.

For suicidal ideation, the combined model achieved the 
highest accuracy with an AUC of 0.873 (95% CI: 0.854–
0.892), significantly outperforming the baseline-only 

model (AUC = 0.808, p < 0.001). Models using only EMA 
(AUC = 0.805, 95% CI: 0.770–0.840) or basic EMA items 
(AUC = 0.784, 95% CI: 0.740–0.828) showed comparable 
but slightly lower performance. The combined model 
demonstrated a sensitivity of 0.50 and a specificity of 
0.96, indicating a balance between identifying individu-
als with suicidal ideation and minimizing false-positive 
classifications. The PPV was 0.797, suggesting that indi-
viduals classified as high risk were highly likely to report 

Table 1  Demographic characteristics and baseline presence of suicidal and self-harm ideation for 499 participants
Overall
(n = 499, obser-
vations = 998)

Suicide ide-
ation present 
(observa-
tions = 146)

No sui-
cidal ideation 
(observa-
tions = 852)

p Self-harm 
ideation pres-
ent (observa-
tions = 75)

No self-harm 
ideation 
(observa-
tions = 923)

p

Age 32.79 ± 11.12 31.90 ± 10.72 33.09 ± 11.17 0.220 30.55 ± 9.48 33.10 ± 11.22 0.029

Gender 0.027 0.115

  Male 157 (31.5%) 34 (23.3%) 280 (32.9%) 17 (22.7%) 297 (32.2%)

  Female 342 (68.5%) 112 (76.7%) 572 (67.1%) 58 (77.3%) 626 (67.8%)

Presence of a close confidant < 0.001 0.045

  Yes 417 (83.6%) 106 (72.6%) 728 (85.4%) 56 (74.7%) 778 (84.3%)

  No 82 (16.4%) 40 (27.4%) 124 (14.6%) 19 (25.3%) 145 (15.7%)

Quality of family relationships < 0.001 < 0.001

  Very poor 4 (0.8%) 4 (2.7%) 4 (0.5%) 4 (5.3%) 4 (0.4%)

  Poor 8 (1.6%) 1 (0.7%) 15 (1.8%) 1 (1.3%) 15 (1.6%)

  Average 131 (26.3%) 66 (45.2%) 196 (23.0%) 27 (36.0%) 235 (25.5%)

  Good 220 (44.1%) 57 (39.0%) 383 (45.0%) 30 (40.0%) 410 (44.4%)

  Very good 136 (27.3%) 18 (12.3%) 254 (29.8%) 13 (17.3%) 259 (28.1%)

Number of groups with sense of 
belonging

< 0.001 0.054

  None 100 (20.0%) 36 (24.7%) 164 (19.2%) 21 (28.0%) 179 (19.4%)

  1 127 (25.5%) 52 (35.6%) 202 (23.7%) 25 (33.3%) 229 (24.8%)

  2 162 (32.5%) 36 (24.7%) 288 (33.8%) 18 (24.0%) 306 (33.2%)

  3 59 (11.8%) 5 (3.4%) 113 (13.3%) 4 (5.3%) 114 (12.4%)

  4 51 (10.2%) 17 (11.6%) 85 (10.0%) 7 (9.3%) 95 (10.3%)

Education 0.004 0.002

  Middle school graduate 3 (0.6%) 4 (2.7%) 2 (0.2%) 3 (4.0%) 3 (0.3%)

  High school graduate 137 (27.5%) 46 (31.5%) 228 (26.8%) 22 (29.3%) 252 (27.3%)

  Some college or 2-year degree 68 (13.6%) 17 (11.6%) 119 (14.0%) 9 (12.0%) 127 (13.8%)

  University graduate 266 (53.3%) 74 (50.7%) 458 (53.8%) 39 (52.0%) 493 (53.4%)

  Graduate-level education 25 (5.0%) 5 (3.4%) 45 (5.3%) 2 (2.7%) 48 (5.2%)

Perceived socioeconomic status < 0.001 0.001

  Very low 15 (3.0%) 13 (8.9%) 17 (2.0%) 6 (8.0%) 24 (2.6%)

  Low 136 (27.3%) 50 (34.2%) 222 (26.1%) 30 (40.0%) 242 (26.2%)

  Middle 305 (61.1%) 79 (54.1%) 531 (62.3%) 38 (50.7%) 572 (62.0%)

  High 41 (8.2%) 4 (2.7%) 78 (9.2%) 1 (1.3%) 81 (8.8%)

  Very high 2 (0.2%) 0 (0.0%) 4 (0.5%) 0 (0.0%) 4 (0.4%)

History of psychiatric diagnosis < 0.001 < 0.001

  Yes 57 (11.4%) 38 (26.0%) 76 (8.9%) 30 (40.0%) 84 (9.1%)

  No 442 (88.6%) 108 (74.0%) 776 (91.1%) 45 (60.0%) 839 (90.9%)

Baseline suicidal ideation < 0.001 < 0.001

  Yes 149 (14.9%) 97 (66.4%) 52 (6.1%) 54 (72.0%) 95 (10.3%)

  No 849 (85.1%) 49 (33.6%) 800 (93.9%) 21 (28.0%) 828 (89.7%)

Baseline self-harm ideation < 0.001 < 0.001

  Yes 74 (7.4%) 51 (34.9%) 23 (2.7%) 47 (62.7%) 27 (2.9%)

  No 924 (92.6%) 95 (65.1%) 829 (97.3%) 28 (37.3%) 896 (97.1%)
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suicidal ideation at follow-up, while the NPV of 0.854 
indicated reliable identification of individuals at low risk.

For self-harm ideation, the combined model again 
yielded the highest AUC (0.821, 95% CI: 0.799–
0.843), modestly exceeding the baseline-only model 
(AUC = 0.788), although this difference was not statisti-
cally significant (p = 0.162). EMA-only and basic EMA 
models performed similarly (AUCs = 0.770 and 0.780, 
respectively). The combined model showed a sensitivity 
of 0.714 and a specificity of 0.980, with a PPV of 0.740 
and an NPV of 0.952. These metrics indicate particularly 
strong performance in ruling out individuals unlikely to 
report self-harm ideation at follow-up, which is relevant 
for screening in low-prevalence community samples.

These results underscore the added value of EMA data 
in predicting suicidal ideation and, to a lesser extent, 
self-harm ideation. Integration of EMA with baseline 
characteristics notably improved model performance for 
suicidal ideation.

Cumulative impact of daily EMA data on predictive 
accuracy
Figure 1 depicts the progression of AUC values for sui-
cidal ideation as additional days of EMA data were 
incorporated. Using the basic EMA set (Fig.  1A), AUC 
values surpassed 0.75 by day 6. With the full EMA set 
(Fig. 1B), AUC exceeded 0.75 by day 9 and continued to 
improve, reaching above 0.80 by day 14. This suggests 

that incorporating a more comprehensive EMA data-
set enhances predictive accuracy over time, with the full 
EMA set achieving superior performance compared to 
the basic EMA set.

For self-harm ideation (Fig.  2), the basic EMA model 
(Fig. 2A) maintained AUC values above 0.75 starting on 
day 7, peaking at day 11 before slightly declining. The 
full EMA model (Fig.  2B) showed more variable per-
formance, with fluctuations in AUC across the 14-day 
period, though generally maintaining predictive capabil-
ity above the acceptable threshold.

These cumulative analyses suggest that predictive accu-
racy for suicidal ideation improves steadily with longer 
EMA input, while predictions for self-harm ideation 
remain more variable over time.

Discussion
This study demonstrates the utility of short-form daily 
EMA for predicting suicidal and self-harm ideation in 
a community sample. Our deep learning model showed 
high predictive accuracy for suicidal ideation, with per-
formance improving as more days of EMA data were 
accumulated.

Even brief EMA data—consisting of just seven daily 
items—enabled the accurate identification of individuals 
at elevated suicide risk. In addition to prediction perfor-
mance, descriptive comparisons across EMA variables 
revealed clinically meaningful group-level differences. 

Table 2  Two-week EMA data by group based on the presence or absence of suicidal or self-harm ideation
Overall
(n = 499, obser-
vations = 998)

Suicide ideation 
present (observa-
tions = 146)

No sui-
cidal ideation 
(observa-
tions = 852)

p Self-harm 
ideation present 
(observations = 75)

No self-harm 
ideation (obser-
vations = 923)

p

Overall mood 5.19 ± 1.18 4.10 ± 1.19 5.38 ± 1.07 < 0.001 3.94 ± 1.47 5.29 ± 1.09 < 0.001

Appetite 5.17 ± 1.17 4.22 ± 1.20 5.34 ± 1.08 < 0.001 3.96 ± 1.42 5.27 ± 1.09 < 0.001

Perceived sleep quality 4.95 ± 1.14 4.02 ± 1.12 5.11 ± 1.07 < 0.001 3.84 ± 1.32 5.04 ± 1.08 < 0.001

Sleep duration, hours 7.02 ± 0.93 6.65 ± 1.05 7.08 ± 0.90 < 0.001 6.46 ± 1.18 7.06 ± 0.89 < 0.001

Overall daily experience 5.13 ± 1.14 4.13 ± 1.14 5.30 ± 1.05 < 0.001 3.95 ± 1.38 5.22 ± 1.06 < 0.001

Ability to concentrate 4.97 ± 1.21 3.94 ± 1.12 5.15 ± 1.14 < 0.001 3.78 ± 1.38 5.07 ± 1.14 < 0.001

Perceived fatigue 5.08 ± 1.38 3.98 ± 1.25 5.26 ± 1.32 < 0.001 3.79 ± 1.51 5.18 ± 1.32 < 0.001

Feelings of loneliness 5.40 ± 1.46 4.40 ± 1.48 5.58 ± 1.39 < 0.001 4.20 ± 1.69 5.50 ± 1.39 < 0.001

Table 3  Performance of prediction models for suicidal and Self-Harm ideation at 2-week follow-up
Suicidal ideation AUC Sensitivity Specificity PPV NPV AUC comparison
Baseline 0.808 0.65 0.942 0.659 0.939 reference

EMA (basic 4) 0.784 0.325 0.968 0.852 0.666 0.336

EMA 0.805 0.358 0.962 0.811 0.730 0.898

Baseline + EMA 0.873 0.500 0.96 0.797 0.854 < 0.001

Self-harm ideation AUC Sensitivity Specificity PPV NPV AUC comparison
Baseline 0.788 0.668 0.970 0.601 0.973 reference

EMA (basic 4) 0.780 0.409 0.955 0.692 0.786 0.802

EMA 0.770 0.380 0.960 0.730 0.770 0.676

Baseline + EMA 0.821 0.714 0.980 0.740 0.952 0.162
AUC: area under the curve; PPV: positive predictive value; NPV: negative predictive value; EMA: ecological momentary assessment
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Participants with suicidal or self-harm ideation reported 
significantly lower scores across all EMA indicators. 
Notably, the self-harm ideation group demonstrated the 
lowest scores across all domains, suggesting more severe 
impairments in daily functioning and affective stability. 
These findings reinforce the clinical value of even brief, 
indirect EMA assessments in capturing real-time psy-
chological vulnerability.

The combined model, which included EMA and base-
line characteristics, significantly outperformed the 
baseline-only model (AUC = 0.873). Model performance 
improved steadily as EMA data accumulated, suggesting 
that emotional and behavioral fluctuations over time are 
valuable for risk prediction. Clinically meaningful AUC 
levels were reached within 6–9 days of data collection.

Prediction of self-harm ideation was more variable, 
with lower AUCs overall. This may reflect the impul-
sive and context-dependent nature of self-harm, which 
is often more difficult to anticipate through affective 
patterns alone [22]. In addition, the relatively low num-
ber of self-harm ideation cases in our sample may have 
constrained model performance. Of the 998 total obser-
vations, only 75 were classified as indicating self-harm 
ideation, potentially limiting the ability of the model to 
learn stable and generalizable patterns. These findings 
highlight the need to explore additional data streams 
such as passive sensing or physiological monitoring 
to enhance prediction of self-harm risk. Prior EMA 
research has shown that affective instability and high 
intra-day variability—core features often associated with 

Fig. 2  Change in AUC for predicting self-harm ideation using daily EMA data. Changes in the area under the curve (AUC) as (A) the four basic daily EMA 
items and (B) the full EMA dataset were cumulatively added to predict ideation over 14 days

 

Fig. 1  Change in AUC for predicting suicidal ideation using daily EMA data. Changes in the area under the curve (AUC) as (A) the four basic daily EMA 
items and (B) the full EMA dataset were cumulatively added to predict ideation over 14 days
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self-harm—impair prediction accuracy, as they contrib-
ute to rapid and irregular shifts in risk states [9, 19, 23, 
24].

Furthermore, prior work has emphasized the het-
erogeneity of suicidal ideation, including variations in 
intensity, duration, and motivational underpinnings 
[25]. By relying on indirect affective and behavioral sig-
nals, our model may have captured diverse trajectories of 
ideation that are not readily articulated in conventional 
assessments.

Unlike previous EMA studies conducted in high-
risk clinical populations and often incorporating direct 
questions about suicidal ideation [23, 26, 27], this study 
employed indirect affective and behavioral indicators in 
a community sample. This reflects a non-invasive and 
scalable approach to suicide risk detection, particularly 
suited for individuals who do not disclose ideation in 
clinical settings or avoid professional help. Prior research 
has shown that repetitive questioning about suicidality 
may evoke reactivity in some individuals, and that sui-
cidal ideation disclosed through EMA is often denied in 
retrospective reports [26, 28]. By avoiding direct ques-
tions and using EMA to monitor daily fluctuations in 
mood and behavior, this study may have captured early-
stage or passive suicidal ideation—signals that are less 
likely to emerge in conventional assessments. Such an 
approach is especially relevant in contexts with high 
stigma around mental illness, such as Korea, where help-
seeking is low despite high suicide prevalence [29].

While suicide risk is often assessed by directly asking 
individuals about their thoughts, this approach has limi-
tations. Traditional self-report methods may fail to cap-
ture concealed or passive ideation due to stigma or fear 
of hospitalization [30]. In one study, 60% of participants 
who reported suicidal ideation during EMA later denied 
it in retrospective self-report, highlighting how EMA 
can uncover ideation that may otherwise go unreported 
[28]. By capturing daily mood and behavioral fluctua-
tions in real-world settings, EMA enables the detection 
of subtle precursors to suicidal ideation that might not 
emerge in clinical interviews [13]. This indirect approach 
may be particularly effective for identifying subtle risk 
states not readily disclosed in clinical interviews. It also 
reduces the potential for reactivity sometimes observed 
with repeated direct questioning [26]. Together, these 
strengths position EMA-based monitoring as a promis-
ing strategy for proactive suicide prevention, particularly 
in contexts such as Korea, where suicide rates remain 
among the highest in the Organization for Economic Co-
operation and Development (OECD) [31]. To enhance 
clinical applicability, future systems may integrate EMA 
data with clinician dashboards or automated alerts, 
enabling timely interventions guided by real-time affec-
tive trends. For example, coupling EMA platforms with 

clinician-facing dashboards or automated alert systems 
could enable timely interventions based on real-time 
mood dynamics. This type of digital integration could 
help bridge the gap between passive risk detection and 
active clinical decision-making [14]. These systems could 
serve a dual role: first, enabling population-level screen-
ing in community settings—such as universities, public 
health centers, or digital wellness platforms—to identify 
individuals at elevated risk based on their EMA profiles; 
and second, triggering clinical referral pathways when 
sustained distress or high-risk trajectories are detected. 
In such cases, alerts could be generated to guide timely 
psychiatric evaluation or facilitate linkage to appropriate 
mental health services, ensuring that individuals receive 
clinical support even in the absence of spontaneous help-
seeking. Although the current app does not yet incorpo-
rate active intervention features, future iterations could 
integrate alert-triggered responses that facilitate clini-
cal linkage upon detection of high-risk patterns, thereby 
bridging passive monitoring with timely mental health 
care.

Importantly, these results should be viewed in light of 
the strong adherence observed in this study. A compli-
ance rate of 94.0% over the EMA period reflects a high 
level of participant engagement, especially when com-
pared to previous EMA studies reporting more moderate 
rates of adherence [26, 32]. This suggests that even low-
burden EMA protocols, when well designed and clearly 
communicated, can be feasible and acceptable in non-
clinical populations.

This study has several limitations, which also suggest 
directions for future improvement. First, both the predic-
tors and outcome were based on self-report measures. 
While EMA provides ecologically valid real-time data, 
the K-CESD-R used for outcome measurement relies on 
a two-week retrospective window, which may be subject 
to recall bias. This limits the interpretability of predictive 
accuracy, as the target may not reflect momentary expe-
riences with precision. Nonetheless, using self-report 
tools allowed us to efficiently capture a wide range of 
participants in a non-clinical setting, offering scalability 
that clinician-based assessment may not afford. Future 
studies should compare EMA-based predictions against 
clinician-rated outcomes to evaluate clinical relevance.

Second, our model predicted ideation occurring two 
weeks later, which does not directly translate to short-
term or crisis-level intervention. The ability to detect 
next-day or same-day risk would be highly valuable. Prior 
research suggests that affective markers related to self-
harm can change dramatically within hours, indicating 
the potential of near-term prediction to enhance safety 
planning or just-in-time interventions [19]. Future stud-
ies should explore ultra-short-term prediction frame-
works using high-frequency EMA, or hybrid models that 
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combine EMA with passive data such as GPS, phone use, 
or wearable devices.

Third, although the model predicted future ideation 
status, it did not explicitly distinguish between differ-
ent types of clinical state transitions, such as onset, per-
sistence, or remission of suicidal or self-harm ideation. 
Clinically, the emergence of new ideation represents a 
particularly critical event. Future research should there-
fore adopt transition-based or multi-state modeling 
frameworks that explicitly differentiate these trajectories 
and evaluate transition-specific predictive performance.

Fourth, the use of only indirect EMA items limited 
our ability to detect explicit suicidal planning or intent. 
While this design reduces potential response fatigue and 
reactivity, it may miss certain risk signals. Periodic inclu-
sion of direct items, or adaptive questioning algorithms, 
may help balance intrusiveness with specificity.

Finally, model interpretability remains an issue for 
clinical translation. While LSTM networks are power-
ful, their black-box nature may hinder clinician trust. 
Integration of explainability methods such as SHapley 
Additive exPlanations (SHAP) or Local Interpretable 
Model-agnostic Explanations (LIME), as demonstrated 
in recent EMA studies of suicidality, will be critical to 
ensure practical uptake in mental health settings.

Beyond these methodological limitations, adherence 
observed under research conditions may have been par-
tially influenced by participant compensation and may be 
lower in real-world implementations where such incen-
tives are not provided. This highlights the importance of 
user-centered design and engagement strategies when 
translating EMA-based monitoring systems into routine 
clinical or community settings.

In conclusion, this study demonstrates that brief, indi-
rect, and self-reported EMA items can be used to predict 
suicidal and self-harm ideation in a non-clinical popula-
tion. The integration of EMA with baseline characteris-
tics significantly enhanced prediction accuracy, especially 
for suicidal ideation. Notably, this was achieved with just 
seven daily items, and this was further supported by the 
high compliance rate observed (94.0%), indicating strong 
feasibility in real-world settings. These findings support 
the utility of digital monitoring tools as scalable and con-
text-sensitive strategies for early suicide risk detection. 
Future work should extend these models toward transi-
tion-focused and clinically actionable prediction frame-
works, including behavioral outcomes such as suicide 
attempts.
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