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ABSTRACT

Background: Bipolar disorder (BD) carries a suicide risk 20 times higher than the general population, with up to 60% of patients
attempting suicide. Current interventions have failed to reduce its incidence; static factors have shown limited predictive utility.
Emerging evidence suggests dynamic monitoring approaches may offer complementary value. This study examined whether
quantifiable differences in mood regulation patterns exist across the suicidality continuum among patients diagnosed with BD.

Method: We analyzed daily self-reported mood, anxiety, and energy levels from 164 participants recruited from two Canadian
academic hospitals (April 2021-August 2024). Participants were stratified into six groups based on suicide attempt history,
current polarity, and active suicidality status. Using time-series analysis, we computed autocorrelation and cross-correlation
functions to examine temporal relationships within and between variables across 1-7day lags. Data comprised 64,351 valid ob-
servations over 461.5+236.6 days of follow-up.

Results: Participants with the highest suicide risk (previous attempt, in a current depressive episode with active suicidality)
demonstrated significantly higher day-to-day autocorrelation compared to the lowest-risk participants (no prior attempts and
currently euthymic) for mood (0.53 vs. 0.29, p=0.01), energy (0.52 vs. 0.23, p=0.02), and anxiety series (0.55 vs. 0.32, p=0.04).
Cross-correlation analysis revealed mood-energy decoupling during active suicidality; as well as a stronger negative mood-
anxiety correlation in those with a prior attempt, even during euthymia.

Conclusion: Higher autocorrelation patterns are indicative of a pathologically stable mood regulation in high-risk individuals,
potentially serving as dynamic biomarkers for suicide risk stratification and targeted intervention development. Our findings
demonstrate that a more aggressive approach to treating comorbid anxiety may be essential for reducing the risk of future at-
tempts. They also challenge traditional conceptualizations equating euthymia with the absence of suicide risk, suggesting neu-
robiological vulnerability despite symptomatic remission.

Except for the first two authors and the last two authors, all authors contributed equally to this work and are listed alphabetically.

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium,
provided the original work is properly cited.

© 2026 The Author(s). Acta Psychiatrica Scandinavica published by John Wiley & Sons Ltd.

60 Acta Psychiatrica Scandinavica, 2026; 154:60-73
https://doi.org/10.1111/acps.70094


https://doi.org/10.1111/acps.70094
https://doi.org/10.1111/acps.70094
https://orcid.org/0000-0001-6886-767X
https://orcid.org/0000-0002-3003-2033
https://orcid.org/0000-0002-0303-6450
mailto:tania.ortizdominguez@utsouthwestern.edu
http://creativecommons.org/licenses/by/4.0/

Key Points

« What is known about this topic?

o Bipolar disorder carries a suicide risk ap-
proximately 20 times higher than the general
population.

o Known clinical risk factors include a history of
prior attempts, depressive polarity, mixed fea-
tures, comorbid anxiety disorders; however, these
factors capture population-level risk.

o Mood variability, rather than mood severity alone,
captures clinically meaningful information about
illness course in bipolar disorder.

« What this paper adds to our knowledge

o Individuals at highest suicide risk (prior attempt,
current depressive episode, active suicidality) ex-
hibit significantly elevated day-to-day autocor-
relation in mood, energy, and anxiety compared
to lowest-risk individuals.

o Participants with a history of suicide attempts
show persistent dysregulation between mood and
anxiety levels, even during euthymia, suggesting
that suicide risk should not be assumed absent
during periods of remission.

o These findings establish quantifiable temporal
biomarkers of suicide risk detectable from routine
self-report data, with direct implications for pas-
sive monitoring systems.

1 | Introduction

Bipolar disorder (BD) is a mood disorder with an estimated sui-
cide risk 20 times higher than the general population [1-3]. Up to
60% of patients diagnosed with BD attempt suicide at least once
in their lifetime, and 19% ultimately end their lives by suicide
[4], with the highest risk during depressive [5, 6], and mixed epi-
sodes [7, 8]. The risk is even higher in those with a family history
of suicide [6, 9-11], and a history of a previous attempt [12-15].

While several interventions for relapse and suicide prevention
have been developed [16, 17], these strategies have not decreased
the incidence of relapse or suicide [6, 18]. In parallel, while the per-
sistent high incidence of suicide in BD is multifactorial, traditional
approaches relying primarily on cross-sectional assessments [19]
or static risk factors (e.g., age, sex) have shown limited predictive
utility [18, 20]. Moreover, even though the highest-risk window for
suicide attempts is following a hospital discharge [21], only 1% of
studies have observed participants during this window [18], and
usually for no longer than a month [22]. Emerging evidence sug-
gests dynamic monitoring approaches may offer complementary
value [23, 24], for instance, by capturing the rapid fluctuations in
mood [5, 25], anxiety [6, 26], sleep [7, 27], and other behaviors (e.g.,
impulsivity [28, 29]) that precede suicide attempts.

Recent studies using ecologic momentary assessment (EMA)
in patients diagnosed with a mood disorder have shown
that suicidal ideation changes over time (i.e., hours or days)
[19, 23, 24, 30]. These changes are related to interpersonal vari-
ables (e.g., hopelessness) [31] and anxiety [32, 33], with insomnia

[34-36] as a moderator of this relationship [37-40]. In BD, recent
studies using EMA have shown temporal associations between
changes in energy, accurately predating increases in low mood
[41], and changes in negative affect predating an increase in sui-
cidal ideation [42].

Furthermore, while some studies suggest a differential mod-
ulatory effect of anxiety on suicidal ideation that varies sig-
nificantly between individuals with and without prior suicide
attempts [43], there are substantial gaps in understanding the
temporal relationship between mood regulation, anxiety, and
energy levels in patients diagnosed with BD with and without
prior suicide attempts.

The relationship between mood variability, anxiety, and en-
ergy levels can be understood within the context of mood
regulation. We have previously described mood regulation as
a complex and poorly understood process, which can be con-
ceived as a “buffer” system that allows flexible and adaptive
responses to changing conditions [44]. From a dynamic per-
spective, the properties that enable this adaptability are con-
sidered “complex.” Nonlinear methods provide new tools for
quantifying, modeling, and predicting the behavior of com-
plex systems [45, 46]. Time-series analysis is a type of non-
linear method employed to study a collection of observations
made sequentially in time [47], which identifies the degree of
order (or regularity) in what otherwise may be viewed as ran-
dom or disordered serial data [48, 49]. Typically, highly cor-
related series may be indicative of illness, as in cardiovascular
[50], metabolic diseases [51], and psychiatric diseases [52-55].
Our previous work has described highly correlated series (i.e.,
a “pathologically stable” or organized mood [56]) in euthymic
participants diagnosed with BD and their unaffected first-
degree relatives [57, 58], as well as in those patients with a
history of antidepressant-induced mania [59].

The aim of this study was to examine intra-individual variabil-
ity in mood regulation by analyzing daily self-reported mood,
anxiety, and energy levels among participants diagnosed with
BD; stratified by (i) presence or absence of a prior suicide at-
tempt; (ii) current polarity (i.e., euthymic or depressive); and
(iii) presence or absence of current (i.e., active) suicidality. We
hypothesized that quantifiable differences in mood regulation
parameters would emerge across the suicidality continuum.
Specifically, we hypothesized that participants categorized as
high-risk (i.e., those with a prior attempt and currently in a
depressive episode, with suicidal ideation) would demonstrate
distinctive patterns of mood regulation compared to those
classified as low risk (i.e., those without prior suicide attempts
and currently euthymic).

1.1 | Aims of the Study

This study aimed to examine whether quantifiable differences in
mood regulation patterns exist across the suicidality continuum
in participants with bipolar disorder. Using time-series analy-
sis of daily self-reported affect, we computed autocorrelation
and cross-correlation across participants stratified by suicide
attempt history, current polarity, and active suicidality status.
We hypothesized that participants at higher suicide risk would
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demonstrate distinct patterns of mood regulation compared to
lower-risk participants.

2 | Methods
2.1 | Participants

The participants whose data is analyzed in this paper are
part of an ongoing research study, which we previously de-
scribed in detail [60]. Briefly, the study was conducted at two
Canadian academic hospitals: the Centre for Addiction and
Mental Health (CAMH) in Toronto, Ontario, and the Queen
Elizabeth II Health Sciences Centre in Halifax, Nova Scotia.
Fully informed by the Privacy Office at both institutions, the
Research Ethics Board (REB) approval (# 059-2019) was ob-
tained at each of the abovementioned academic centers, in ac-
cordance with the Declaration of Helsinki. Inclusion criteria
were participants aged 18 and over, with a primary diagnosis
of BD type I or II. Exclusion criteria were participants with a
comorbid personality disorder, comorbid substance abuse or
dependence, and a diagnosis of a mood disorder secondary to
another general medical cause. Recruitment for this cohort
occurred between April 2021 and August 2024 from outpa-
tient clinics specialized in BD and from inpatient units a week
after discharge following a suicide attempt. Upon discharge,
participants were followed weekly by a study psychiatrist for
6 months. Participants received treatment according to stan-
dard local practices.

2.2 | Data Description
2.2.1 | Baseline Assessments

Primary diagnoses were made according to the Diagnostic and
Statistical Manual of Mental Disorders 5 (DSM-5) [61] confirmed
by the Structured Clinical Interview for DSM-5 (SCID-5) [62].
After all procedures had been fully explained and written con-
sent was obtained, a comprehensive baseline assessment was
completed: participants provided information regarding their
sociodemographic characteristics, clinical course, cardiovascu-
lar status, chronotype, and pharmacotherapy. Race, ethnicity,
sex at birth, and gender identity were self-reported. To deter-
mine the polarity of each participant (i.e., euthymia, depression,
or (hypo)mania), the Young Mania Rating Scale (YMRS) [63]
and the Montgomery-Asberg Depression Rating Scale (MADRS)
[64] were administered by a trained rater upon entry to the
study. Euthymia was defined as YMRS<10 and MADRS<10
for a minimum of 4 weeks; depressive polarity was defined as
MADRS > 10 for 2weeks, and (hypo)manic polarity was defined
as YMRS > 10 for a week. We chose our cutoffs to reflect real-
world data, thereby improving the generalizability of our results
and their applicability in non-research settings, and based our
decisions on cutoffs in influential papers [65-69].

2.2.2 | Data Collection

Building on our method developed to analyze mood regulation
using time-series analysis [57-59], mood, anxiety, and energy

levels were monitored daily using an electronic visual analog
scale (e-VAS). The scale ranged from 0 to 100, with 50 repre-
senting the participant's “usual self.” Participants provided their
daily ratings through REDCap electronic data capture tools
hosted at CAMH and the Queen Elizabeth IT Health Sciences
Centre [70]. The e-VAS featured one-point intervals, allowing
the collection of densely-sampled, continuous data. To ensure
data completeness, participants were required to rate all three
e-VAS components (i.e., mood, anxiety, and energy) before sub-
mitting their daily entries. Email reminders were sent to partici-
pants after three consecutive days of missing entries. In addition,
MADRS and YMRS weekly scores were collected weekly by a
study psychiatrist to monitor symptom severity over the study
course, and these scores were used for week-by-week labeling.

2.3 | Suicidality Risk Stratification

Participants were stratified into groups based on their risk of
suicidality and clinical status, as determined by weekly MADRS
scores. As above, we defined a depressive episode as MADRS
scores > 10 for two or more consecutive weeks.

The classification of suicidality risk followed a hierarchical
three-level stratification approach (Figure 1la). Initially, par-
ticipants were categorized based on prior history of suicidality
(presence versus absence), with each resultant group subse-
quently divided according to current suicidality status (active
versus inactive). The final stratification integrated the current
affective state assessment (euthymic versus depressed), yielding
six distinct clinical groups (as all those with active suicidal ide-
ation were depressed) that captured the temporal dynamics of
suicidality risk alongside clinical characteristics.

As participants changed in their clinical presentation (e.g., tran-
sitioned from a depressive episode to euthymia), this resulted
in non-exclusive group allocation across the assessment period.
For instance, a participant might contribute data to the group
characterized by a history of a prior attempt, currently in a de-
pressive episode, and reporting active suicidality, for 4 months,
but following clinical improvement, subsequently contribute
data to a different group (e.g., history of a prior attempt, cur-
rently euthymic, and not reporting suicidality) for an additional
2months. This methodological approach acknowledges the tem-
poral dynamics of suicidality risk factors, capturing the fluidity
of clinical presentations rather than imposing static categoriza-
tions that fail to reflect the inherent variability of psychopatho-
logical phenomena.

2.4 | Data Assumptions

The analyses were based on two key assumptions. The first as-
sumption involved selecting an appropriate model for the data.
Given the presence of noise in the dataset, we employed a basic
model capable of capturing fundamental patterns, such as an
autoregressive process AR (1), which examines the relationship
between consecutive data observations. The second assumption
was made about the temporal stability of the data. While perfect
consistency over time is ideal, real-world data exhibits variabil-
ity. To address this, we treated our data as weakly stationary,
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FIGURE1 | Study design. Illustration of (a) the study design and suicidality risk group stratification, and (b) data pipeline from data collection to
ACF and CCF matrix computation at an individual and group level.
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requiring only that the first two moments of the data (mean
and variance) remain relatively constant over time [57]. This
approach allowed us to account for natural fluctuations in the
data while ensuring a stable foundation for the correlation anal-
ysis. To verify stationarity, we employed the augmented Dickey-
Fuller test [71].

2.5 | Data Selection and Preprocessing

Building on our previous findings that self-reported e-VAS data
is missing not at random (MNAR) [72], we applied the K-nearest
neighbors (KNN) algorithm for imputing missing observations
[73]. This approach identifies the k-nearest neighbors to a miss-
ing value using a specified distance metric and imputes the
value by calculating the median of these neighbors. Participants
with more than 30% missing data (n=14) were excluded from
the analysis.

2.6 | Data Analysis

After confirming stationarity of the time series and removing
spurious interdependencies through detrending, we performed
a two-dimensional correlation analysis across clinical sub-
groups: (i) Autocorrelation Function (ACF) to explore temporal
relationships within each e-VAS variable across lags of 1-7 days
(e.g., comparing mood today with mood on previous days across
the six suicidality risk groups); and (ii) cross-correlation func-
tion (CCF) to explore temporal relationships between pairs
of e-VAS variables across lags ranging from -7 to 7days (e.g.,
comparing mood today with anxiety yesterday) across the six
suicidality risk groups. The ACF quantifies how closely a time
series resembles itself over specific time lags, with higher values
indicating stronger correlations between observations separated
by those lags. Similarly, the CCF measures the degree of associ-
ation (i.e., coupling) between two time series across lags, where
higher values indicate stronger correlations between variables.

2.7 | Statistical Analysis

To compare both ACF and CCF features across the six suicid-
ality risk groups, we computed the median and inter-quartile
range (IQR) of ACF and CCF coefficients for each lag, as well as
the differences in those coefficients across the six groups using
Fisher's Z-transformation [74], which standardizes correlation
coefficients into Z-scores and quantifies the level of difference
between the coefficients across groups. Each data segment (e.g.,
weeks in a depressive episode) was treated independently, as it
represented a distinct and non-overlapping clinical polarity. This
segment-wise approach allowed the extraction and comparison
of group-specific ACF and CCF features. Confidence intervals
for ACF and CCF coefficients’ group medians were estimated
using bootstrap resampling with 1000 iterations, and pairwise
comparisons between groups were corrected for multiple test-
ing using the Bonferroni method. The median Z-statistics and
corrected p values, as well as the bootstrapped confidence in-
tervals for group medians, were systematically reported for both
ACF and CCF analyses. Statistically, we controlled for age, sex,
and treatment type. All statistical computations were performed

using Python 3.11. See Figure 1b for a detailed depiction of the
data analysis pipeline.

2.8 | Supplementary Analyses

To ensure the robustness of our findings, we conducted a series
of supplementary association and sensitivity analyses regarding
data completeness (cross-sectional and longitudinal) and impu-
tation effect on time-series dynamics within and across suicide
risk groups (see Table S1). To assess the sensitivity of the tempo-
ral dynamics to the data completion strategy, we compared the
ACF features derived from raw e-VAS data with those obtained
using Multiple Imputation by Chained Equations (MICE) (see
Figures S1-S3). We then evaluated whether data completeness
was associated with clinical status by comparing the miss-
ing data ratios (MDR) across the six risk groups and assessing
the correlation between MDR and e-VAS dynamics (i.e., ACF
and CCF) (see Figures S4-S12). Finally, we characterized the
temporal structure of missing data gaps by analyzing the au-
tocorrelation of a binary missingness indicator and generating
longitudinal MDR profiles using a sliding-window approach on
a normalized 0%-100% follow-up axis (see Figures S13 and S14).
Detailed descriptions of these procedures are provided in the
Supporting Information: Methods.

3 | Results

Of a total of 178 participants diagnosed with BD, 160 were re-
cruited from outpatient clinics, and 18 from inpatient units fol-
lowing a suicide attempt. In this analysis, 164 participants were
included (146 outpatients and 18 inpatients); the remaining 14
participants did not provide sufficient data for a reliable time-
series analysis (i.e., they had more than 30% missing data). As
described in Section 2, we performed an additional sensitivity
analysis (see Supporting Information) to corroborate that our
results were not affected by data completeness.

Over half of the participants (n=104; 63.3%) had no history of
suicide attempts nor were they actively suicidal; while eight par-
ticipants (4.8%) had a history of one or more suicide attempts and
were actively suicidal. No statistically significant differences
were found across groups for demographic or clinical character-
istics. Data included a mean (SD) of 430.1 (242.2) person-days of
daily e-VAS and 46.2 (34.8) person-days of valid weekly MADRS
and YMRS, with 17,495 missing observations (79.22% compli-
ance) across 461.5+236.6 (mean £ SD) days. A detailed descrip-
tion of the participants’ sociodemographic and clinical features
is presented in Table 1.

3.1 | Autocorrelation Analysis

The highest autocorrelation coefficients for participants across
all groups were observed at Lag 1 (i.e., day-to-day self-similarity,
Figure 2), as we have previously reported [57].

During euthymia, participants with a prior attempt showed
higher day-to-day autocorrelation in the anxiety series (0.31
(0.26-0.38)), compared to those who were currently depressed,
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TABLE1 | Demographic and clinical characteristics of the sample.

Characteristics All participants (N=164)
Age, mean (SD) 38.3(12.3)
Sex assigned at birth, n (%)
Male 61 (37.2)
Female 103 (62.8)
Gender, n (%)
Man 55(33.5)
Woman 88 (53.7)
Queer/gender non-conforming 4(2.4)
Prefer not to disclose 17 (10.4)
Education, n (%)
Completed high school or less 32(19.5)
Completed college 7 (4.3)
Completed university 125 (76.2)
Marital status, n (%)
Single 84 (51.2)
Married 57 (34.8)
Divorced 21 (12.8)
Widowed 2(1.2)
Socioeconomic status, 1 (%)
Work full-time 85 (51.8)
Work part-time 22 (13.4)
Social assistance or disabled 18 (11.0)
Student 11 (6.7)
Unemployed 22(13.4)
Retired 6(3.7)
Primary diagnosis, n (%)
Bipolar disorder I 105 (64.0)
Bipolar disorder IT 59 (36.0)
Rapid cycling, n (%) 36 (22.0)
Clinical status at study entry, n (%)
Euthymic 98 (59.8)
In a depressive episode 62 (37.8)
In a hypomanic episode 2(1.2)
In a mixed episode 2(1.2)
MADRS baseline score per clinical status at study entry, mean (SD)
Euthymic 3.0(3.6)
In a depressive episode 21.6 (8.9)
In a manic or hypomanic episode 1.0 (1.49)
(Continues)
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TABLE1 | (Continued)

Characteristics

All participants (N=164)

In a mixed episode

YMRS baseline score per clinical status at study entry, mean (SD)

Euthymic
In a depressive episode
In a manic or hypomanic episode
In a mixed episode
MADRS score per suicide risk group, mean (SD)
Euthymic, no suicide history
Euthymic, suicide history
Depressed, no suicide history, not actively suicidal
Depressed, suicide history, not actively suicidal
Depressed, no suicide history, actively suicidal
Depressed, suicide history, actively suicidal
YMRS score per suicide risk group, mean (SD)
Euthymic, no suicide history
Euthymic, suicide history
Depressed, no suicide history, not actively suicidal
Depressed, suicide history, not actively suicidal
Depressed, no suicide history, actively suicidal
Depressed, suicide history, actively suicidal

Daily self-reported e-VAS observations, mean (SD)

Weekly self-reported MADRS/YMRS observations, mean (SD)

Mean (SD) episode duration (days)
Suicidality risk, n (%)

No history of suicidality, no active suicidality

23.0 (1.4)

0.4 (1.4)
1.6 (2.4)
11.0 (1.4)
13.5(0.7)

8.4(3.6)
11.4 (4.8)
7.2 (3.3)
9.5 (4.2)
16.1(5.9)
18.3 (7.0)

2.1(1.8)
2.1(2.0)
2.2(1.8)
2.3(1.9)
1.3 (1.6)
1.6 (2.3)
430.1 (242.2) person-days
46.2 (34.8) person-weeks
105.1 (181.3)

104 (63.3)
History of suicidality, no active suicidality 42 (26.1)
No history of suicidality, active suicidality 10 (5.9)
History of suicidality, active suicidality 8(4.8)

Pharmacotherapy at study entry, n (%)

On no treatment at study entry, n (%) 2(1.2)
Monotherapy 38(23.2)
Lithium 5(3.1)
Anticonvulsant 17 (10.3)
Atypical antipsychotic 16 (9.7)
Combination treatment 124 (75.6)
Lithium + anticonvulsant 9(5.5)
Lithium + atypical antipsychotic 24 (14.6)
Anticonvulsant + atypical antipsychotic 34 (20.7)

(Continues)
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TABLE1 | (Continued)

Characteristics

All participants (N=164)

Lithium + anticonvulsant + atypical antipsychotic

Any of the above + antidepressant

9(5.5)
48 (29.2)

not suicidal, and without a history of prior attempt (0.11 (—0.04
to 0.58), p=0.03). For mood and energy, participants with a prior
attempt exhibited higher autocorrelation at Lag 1 for mood: 0.39
(0.31-0.45) and energy: 0.26 (0.19-0.34), compared to those
without a history of attempts (mood: 0.29 (0.25-0.38); energy:
0.23 (0.20-0.29)). Differences were not statistically significant
(mood, Fisher's Z-statistic=-9.56, p=0.17; energy, Fisher's Z-
statistic=-0.16, p=0.61).

During depressive episodes, participants who were actively
suicidal and had a history of attempt (i.e., highest-risk group),
showed the highest day-to-day autocorrelation for all series:
mood, 0.53 (0.53-0.59); energy, 0.52 (0.27-0.56); anxiety, 0.55
(0.40-0.60), significantly higher compared to those who were eu-
thymic and had no prior attempts (i.e., lowest-risk group): mood,
0.29 (0.25-0.38), p=0.01; energy, 0.23 (0.20-0.29), p=0.02, anx-
iety, 0.32 (0.26-0.38), p=0.04. In parallel, the highest-risk group
showed higher day-to-day autocorrelation in the energy series
compared to those who were euthymic and had had prior attempts
(0.26 (0.19-0.34), p=0.03). Also, the highest-risk group showed
higher day-to-day autocorrelation in the anxiety series compared
to those who were depressed but had no history of attempts and
were not actively suicidal (0.27 (0.19-0.3), p=0.03). Similarly,
participants with a prior attempt who were currently depressed
but not suicidal showed higher day-to-day autocorrelation in the
mood series (0.45 (0.22=0.59)) compared to those who were eu-
thymic and without prior attempts (0.29 (0.25-0.38); p=0.03). See
Figure 2 for the detailed representation of ACF coefficients across
classes, and Table S1 for the comparative autocorrelation statistics
at all lags (1-7) across suicidality risk groups.

3.2 | Cross-Correlation Analysis

3.21 | Cross-Correlation Between Mood and Energy
(Lags —7to7)

The highest positive cross-correlation between mood and en-
ergy across risk groups was observed at Lag 0 (e.g., between a
participant's mood and energy on the same day).

Participants who were currently depressed, not actively suicidal,
and without prior attempts showed a higher cross-correlation
between mood-energy (0.53 (0.49-0.63)) compared to those who
were currently euthymic, with or without a prior attempt (0.44
(0.42-0.53); p=0.04; 0.45 (0.38-0.50); p =0.03).

Moreover, participants who were depressed, actively sui-
cidal, but without prior attempts showed significantly lower
mood-energy cross-correlation (0.33 (0.08-0.6)) than those
who were depressed, were not actively suicidal, but had had
attempts (0.51 (0.44-0.55); p=0.04); and also significantly
lower than those who were depressed, were not actively sui-
cidal, and without prior attempts (0.53 (0.49-0.63); p=0.04).

Cross-correlation coefficients between mood and energy be-
yond a single-day lag were negligible and did not differ statis-
tically between groups.

3.2.2 | Cross-Correlation Between Mood and Anxiety
Series (Lags —7 to 7)

Similarly to the mood-energy dynamics, the highest positive
cross-correlation between mood and anxiety across risk groups
was observed at Lag 0 (i.e., between a participant’s mood and
anxiety on the same day), and no statistically significant mood-
anxiety cross-correlation differences were observed during
euthymia.

During depressive episodes, participants who were depressed,
had had attempts, and were not actively suicidal showed a stron-
ger negative cross-correlation (—0.52 (—0.57; —0.36)) than those
who were depressed, had no attempts, and were not actively sui-
cidal (—0.37 (=0.44; —0.26); p=0.02). There were no other sig-
nificant differences.

3.2.3 | Cross-Correlation Between Energy and Anxiety
(Lags —7to0 7)

No consistent pattern was observed between energy and anxiety
cross-correlation across risk groups, and the differences across
groups were statistically insignificant.

See Figure 3 for the detailed representation of CCF coefficients
across classes for the cross-correlation comparative statistics at
all lags (-7 to 7) across polarity and risk groups.

4 | Discussion

We examined intra-individual variability in mood regulation
by analyzing daily self-reported mood, anxiety, and energy
levels among participants diagnosed with BD, stratified by
(i) presence or absence of a prior suicide attempt; (ii) current
polarity; and (iii) active suicidality. Our results showed that
mood regulation differs across the suicidality continuum.
Specifically, participants categorized as high-risk (i.e., those
with both a history of a prior attempt and current suicidal ide-
ation) demonstrated distinctive patterns of mood regulation
(i.e., higher autocorrelation and same-day cross-correlation
for mood, anxiety, and energy series) compared to those clas-
sified as low risk (i.e., those without prior suicide attempts and
currently euthymic).

While this pattern might reflect the effects of the acute episode
(i.e., high anxiety levels coupled with high or low energy levels
and low mood), our findings also showed that those participants
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FIGURE 2 | Autocorrelation analysis matrices (Lags 1-7) of mood, energy, and anxiety time series, stratified by increasing risk of suicidality.
Autocorrelation analysis matrices in: (A) currently euthymic with no prior suicide attempts; (b) currently euthymic, history of suicide attempts; (c)

in a depressive episode, not actively suicidal, no prior suicide attempts; (d) in a depressive episode, not actively suicidal, with a history of suicide

attempts; (e) in a depressive episode, actively suicidal, with no prior suicide attempts; and (f) in a depressive episode, actively suicidal, with prior

suicidal attempts.

with prior suicide attempts showed a distinctive, persisting pat-
tern: even when euthymic, this group showed higher day-to-day
autocorrelation for anxiety. These findings challenge traditional
clinical conceptualizations that equate euthymia with the ab-
sence of suicide risk and suggest persistent neurobiological vul-
nerability despite apparent symptomatic remission. Similarly,
during depressive episodes, participants in the highest-risk
group (i.e., prior attempts and active suicidal ideation), showed
the highest day-to-day autocorrelation in anxiety compared to
depressed participants with no active suicidal ideation and no
prior attempts. Clinically, these findings might promote a more
aggressive treatment of comorbid anxiety in those with prior
attempts to dampen the risk of future attempts, supporting in-
direct evidence from RCTs examining the effect of treating anx-
iety on clinical outcomes in BD [75].

In parallel, the effects of a prior attempt were reflected in higher
cross-correlation between mood and energy in those participants
who were currently depressed, even though they were not actively
suicidal. Also, in keeping with our finding of a higher day-to-day
autocorrelation in anxiety in those with prior attempts, even when
euthymic, there was a stronger negative cross-correlation between
mood and anxiety in those participants with prior attempts. Our
results align with existing literature documenting that a history of
suicide attempt may leave physiological sequelae affecting multiple
biological systems [76]. Furthermore, they highlight the possible
influence of the autonomic nervous system on mood regulation.

Strengths of our study are both methodological and clinical, and
include: (i) application of time-series analysis to suicidal risk
continuum in BD; (ii) longitudinal design with densely-sampled
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suicidal attempts.

data; (iii) large dataset with 64,351 complete observations across
164 participants; (iv) weekly follow-up for 6 months in partici-
pants recently discharged from an inpatient unit due to a suicide
attempt, with low study attrition and high adherence to study
protocol. There are several limitations of our study. While our
overall sample included 164 participants, the rarity of suicide at-
tempts in real-world settings [77], inherently creates challenges
for achieving balanced group sizes in prospective observational
studies. This imbalance reduces statistical power to detect
differences, potentially leading to wider confidence intervals
for smaller groups. The small sample sizes in the highest-risk
groups may also reduce the generalizability of our findings and
increase susceptibility to outlier effects. However, several fac-
tors mitigate these concerns: our use of bootstrap resampling
methods to estimate robust confidence intervals, the extended

observation period, which provided dense temporal data (430
person-days), and the large effect sizes observed (Cohen's
d >1.3) that reached statistical significance despite a small sam-
ple size. Nevertheless, replication in larger, more balanced co-
horts is essential to confirm these patterns and establish their
clinical utility for individual-level risk prediction. Due to strict
inclusion criteria, we were unable to evaluate the impact of cer-
tain confounders (e.g., personality disorders, substance abuse).
Therefore, our results may not be applicable to a broader clin-
ical population. Finally, we did not collect information on the
lethality of the attempt. However, in terms of recency of attempt,
participants required admission to a psychiatric unit and were
enrolled in the study near the time of their discharge. Our study
is clinically relevant as it addresses a critical gap in suicide pre-
diction research; captures dynamic warning signs rather than
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static risk factors; and challenges the traditional assumption
that euthymia equals low suicide risk.

5 | Conclusion

The burden of suicide in BD makes it imperative to develop bet-
ter strategies for its prediction and prevention. Our work con-
tributes to the field by capturing the dynamic, state-dependent
nature of mood regulation processes by analyzing densely-
sampled data, and underscoring the role of managing anxiety
in the prevention of severe depressive episodes. Our results em-
phasize that euthymia in BD is not equivalent to the absence of
suicidal risk.

Future studies should combine multimodal data (i.e., clinical,
physiological) for developing predictive models capable of iden-
tifying individual patterns both within individuals (over time)
and across individuals. By understanding the dynamic changes
in mood, anxiety and energy that characterize different groups at
risk for suicide, we will be better positioned to detect the presence
of these pervasive patterns and direct personalized interventions.
Future research must move beyond correlations toward process-
oriented models that elucidate causal pathways between dys-
function in mood regulatory systems and suicidal vulnerability.
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Supporting Information

Additional supporting information can be found online in the
Supporting Information section. Figure S1: Comparative distributions
of the autocorrelation function (ACF) of mood at Lags 1-7 for raw (pre-
imputation) and imputed (post-imputation) data. Panels (a-f) represent
the six suicide risk groups displayed in increasing order of clinical risk.
Figure S2: Comparative distributions of the autocorrelation function
(ACF) of energy at Lags 1-7 for raw (pre-imputation) and imputed
(post-imputation) data. Panels (a-f) represent the six suicide risk groups
displayed in increasing order of clinical risk. Figure S3: Comparative
distributions of the autocorrelation function (ACF) of anxiety at Lags
1-7 for raw (pre-imputation) and imputed (post-imputation) data.
Panels (a-f) represent the six suicide risk groups displayed in increas-
ing order of clinical risk. Figure S4: Mood autocorrelation association
with e-VAS missing data ratio (Scales 1-7) for Suicide Group 1. Figure
S5: Energy autocorrelation association with e-VAS missing data ratio
(Scales 1-7) for Suicide Group 1. Figure S6: Anxiety autocorrelation as-
sociation with e-VAS missing data ratio (Scales 1-7) for Suicide Group 1.
Figure S7: Mood autocorrelation association with e-VAS missing data
ratio (Scales 1-7) for Suicide Group 2. Figure S8: Energy autocorrela-
tion association with e-VAS missing data ratio (Scales 1-7) for Suicide
Group 2. Figure S9: Anxiety autocorrelation association with e-VAS
missing data ratio (Scales 1-7) for Suicide Group 2. Figure S10: Mood
autocorrelation association with e-VAS missing data ratio (Scales 1-7)
for Suicide Group 3. Figure S11: Energy autocorrelation association
with e-VAS missing data ratio (Scales 1-7) for Suicide Group 3. Figure
S12: Anxiety autocorrelation association with e-VAS missing data ratio
(Scales 1-7) for Suicide Group 3. Figure S13: Mood, energy, and anxi-
ety missing data ratio longitudinal trends over normalized study course
duration (solid blue line: median MDR per segment; shaded blue region:
IQR (25%-75%) confidence interval). Figure S14: Missing data ratio
autocorrelation (Lags 1-7) across participants (solid blue line: median
ACF per lag; shaded blue region: IQR (25%-75%) confidence interval).
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