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Introduction. Suicide is one of the leading causes of death across different age groups. The persistence of suicidal ideation and the
progression of suicidal ideations to action could be related to impulsivity, the tendency to act on urges with low temporal latency,
and little forethought. Quantifying impulsivity could thus help suicidality estimation and risk assessments in ideation-to-action
suicidality frameworks. Methods. To model suicidality with impulsivity quantification, we obtained questionnaires, behavioral
tests, heart rate variability (HRV), and resting state functional magnetic resonance imaging measurements from 34 participants
with mood disorders. The participants were categorized into three suicidality groups based on their Mini-International
Neuropsychiatric Interview: none, low, and moderate to severe. Results. Questionnaire and HRV-based impulsivity measures
were significantly different between the suicidality groups with higher subscales of impulsivity associated with higher
suicidality. A multimodal system to characterize impulsivity objectively resulted in a classification accuracy of 96.77% in the
three-class suicidality group prediction task. Conclusions. This study elucidates the relative sensitivity of various impulsivity
measures in differentiating participants with suicidality and demonstrates suicidality prediction with high accuracy using a
multimodal objective impulsivity characterization in participants with mood disorders.

1. Introduction

Suicide is one of the leading causes of death across age
groups [2]. Increasing evidence shows that suicide is not
associated with any specific psychiatric diagnosis [3]. Many
characteristics associated with lifetime suicide risk have been
identified, but there are no systematic or reliable short-term
predictors of suicidal behavior. Furthermore, while suicide
attempts are currently the most useful predictor for suicide,
over half of the suicides occur on the first attempt [4]. The
long-term propensity to have bouts of suicidal behavior is
identified as suicidal behavior disorder (SBD). It may be a
latent trait that predicts potential, though not necessarily
immediate, suicide risk. On the other hand, suicide crisis syn-
drome (SCS) represents a brief, usually rapidly developing,

period of high immediate risk for suicide. Impulsivity could
be a key factor in SCS translating into actual suicide attempts
[5]. The clinical and research challenges in assessing suicid-
ality (suicidal thoughts/behaviors and actions) involve: (i)
recognizing the latent high-risk state in SBD and (ii) under-
standing and preventing the emergence of SCS by assessing
impulsivity as a key factor.

Several models to predict the ideations and intentions of
suicide have emerged in the past two decades. The interper-
sonal theory of suicide posits that suicidal desire emerges
when individuals experience intractable feelings of perceived
burdensomeness and thwarted belongingness. However, ide-
ations do not translate to suicide attempts until an individual
has both suicidal desire and capability for suicide, which
should also be assessed to model suicidality [6]. Other models
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of suicide (integrated motivational-volitional model [7],
three-step theory [8], and fluid vulnerability theory [9]) face
the same conceptual issue in modeling suicidality. Addition-
ally, most of these models are based on self-reported assess-
ments by the individuals, which could be subjective. Clinical
characterization for suicidality assessment is also incomplete
as it relies on self-reports of dimensions, such as hopelessness
[10], when some suicide attempts are rather related to impul-
sivity (in manic states) or psychosis (e.g., if one has command
hallucinations ordering them to end their life). Thus, the cur-
rent state of knowledge for suicidality prediction is stalled at
the following: the prediction of suicide action based on vari-
ous psychological parameters is promising but not scalable,
not generalizable to all populations, and not objective. This
is where we introduce impulsivity as a key transdiagnostic
measure for suicidality.

Impulsivity is the tendency to act without making a
thorough assessment of the situation, lacking pre-action
forethought and acting in the moment. Impulsivity is a com-
posite, transdiagnostic dimension [11] that combines vari-
ous behavioral pathways involving emotions aroused by a
situation, identifying different possible actions, playing out
the consequences of the action in one’s brain, and choosing
an action (which could include inhibiting a response/delay-
ing action). Thus, impulsivity measurements need to incor-
porate multiple aspects involved in a behavioral pathway.
Currently, the predominant approach to measure impulsiv-
ity is using clinical questionnaires, such as Barratt’s Impul-
siveness Scale (BIS-11) [12], UPPS-P [13], Abbreviated
Impulsiveness Scale [14], and Eysenck impulsivity score
[15]. These questionnaires are subjective and self-reported
by the individuals, so are subject to bias/subjectivity. Towards
the objective assessment of impulsivity, behavioral tests and
neuro-physiological markers are being investigated. Behav-
ioral tests, such as immediate memory test/delayed memory
test (IMT/DMT) [16] and the Flanker test [17] have been
developed to assess impulsivity. Heart rate variability (HRV)
could also provide a marker of impulsivity [18], specifically
during stress since impulsivity mediates an individual’s
behavior during stress [19]. Similarly, functional brain con-
nectivities, which are associated with a behavioral response,
for example, in emotional arousal by a situation and response
inhibition, could also serve as impulsivity markers. The insula
and prefrontal cortex regions in the brain have been implica-
ted in impulse and emotion processing in suicidality [20].
Brain activation in the limbic system and pre-frontal cortex,
either in the task processing stage (when the individual is
involved in response inhibition task) or in the resting state,
has also been proposed as possible marker of impulsivity/
impulsive behaviors [21–24]. Though several studies are con-
sidering impulsivity models using objective measurements,
analyzing the relation of impulsivity modeling for the specific
behavioral correlate with suicidal self-harm has been limited.

Higher impulsivity could be a factor for detrimental
behaviors, such as suicidality [25]. Suicidality assesses the
risk of suicide in an individual indicated by suicidal behav-
ior, intent, and/or extensive planning of suicide. Some previ-
ous studies have investigated impulsivity about suicidality
[26–28]. For example, BIS-11 questionnaires were used in

a study [28] to assess impulsivity in a bipolar group with sui-
cidality compared with a group without suicidality. The
group with suicidality had elevated impulsivity. Similarly,
higher impulsivity measures derived from behavioral tests
have also been reported in adolescents with suicidality
[26]. In one of the studies, functional magnetic resonance
imaging (fMRI) activation was employed to obtain >90%
accuracy in suicidality/non-suicidality classification among
34 participants [29]. However, a follow-up analysis of the
same data [30] showed that the unbiased classification
accuracy in the study was about 41% only, even below a
chance accuracy. Neuroimaging data-based classification
showed up to 75% accuracy in another study for suicidality
classification [31].

Though impulsivity measures in suicidality have been
investigated in previous studies, a multimodal assessment
of impulsivity considering the self-report, behavioral, physio-
logical, and neurological basis of impulsivity measures has
not been investigated. In this study, we evaluate the impulsiv-
ity markers obtained from questionnaires, behavioral tests
(IMT/DMT and Flanker tests), HRV features, and resting
state (rsfMRI) connectivity in 34 participants with mood dis-
orders [1]. Questionnaire-based impulsivity markers, partic-
ularly the BIS were found to assign significantly higher
impulsivity scores to the group with higher suicidality.
Though the IMT behavioral test too consistently assigned
higher impulsivity markers to the suicidality group, there
were no significant differences between groups. Similarly,
the suicidality group had significantly higher HRV features.
Overall, when objective impulsivity markers from multiple
modalities were used together in a classifier evaluated in a
leave-one-participant-out cross-validation setting, we
obtained a suicidality classification accuracy of 96.77% for
a three-class suicidality classification. The accuracy
obtained was higher than those obtained with a single
modality and much better than a baseline classification
model, which resulted in 41.93% accuracy. Our study dem-
onstrates the link between impulsivity and suicidality
across multiple modalities and is the first reported study
on suicidality classification using the multimodal objective
impulsivity markers.

2. Materials and Methods

2.1. Study Group. We enrolled 34 participants with mood
disorders, primarily subjects with major depressive disorder
(MDD) or bipolar disorder, in our study. The study was
approved by the Institutional Review Board (IRB) at Baylor
College of Medicine and Harris Health Systems. Informed
consent was obtained from the participant, and the study
was conducted following ethical guidelines on research with
human subjects. The number of male/female participants
was 15/19. The average age of the participants was 27:3 ±
5:2 (minimum age: 18 years and maximum age: 35 years).
We used the Mini-International Neuropsychiatric Interview
(MINI) questionnaire [32] to assess participants’ suicidality.
The suicidality module of MINI includes 19 questions to
assess suicidality (current or lifetime) and criteria relevant
to suicide behavior disorder. The suicidality score, indicating

2 Behavioural Neurology



the intensity, is categorized as low (1–8 points), moderate
(9–16 points), and high/severe (>17 points). Among the par-
ticipants with a MINI-based suicidality assessment, seven
had no suicidality, eleven had low suicidality, four had mod-
erate suicidality, and nine had severe suicidality. Since the
number of participants with moderate suicidality was low,
we combined the moderate and severe groups to obtain
three suicidality groupings of the participants: none (7 par-
ticipants), low (11 participants), and moderate to severe
(13 participants). When suicidality is present, the MINI
questionnaire also identifies if the suicidality is current, a
lifetime attempt, or likely in the near future. The demo-
graphics and groupings on suicidality are summarized in
Table 1.

2.2. Impulsivity Questionnaires. In this study, we used the 30-
item BIS-11 [12] and 59-item UPPS-P [13] questionnaire-
based impulsivity assessment. The BIS-11 gives a single
impulsivity score characterizing an individual’s overall
impulsivity, the BIS-total (score range: 30–120). It also pro-
vides three subscales representing second-order factors in
BIS: attentional (8 items),motor (11 items), and nonplanning
(11 items) impulsivity dimensions. UPPS-P, on the other
hand, provides five subscales (score range: 1–4, averaged
score from constituent questions) corresponding to the fol-
lowing dimensions: negative urgency, premeditation, perse-
verance, sensation seeking, and positive urgency. The
questionnaire data were available for 33 of the 34 participants;
the impulsivity questionnaire was not completed by one
participant.

2.3. Behavioral Tests. We employed the IMT/DMT [16] and
Flanker tests [17] in our study for impulsivity assessment. In
the IMT/DMT test, the participants have to respond when
the same 5-digit numbers are shown (consecutively in the
case of IMT) on the screen and inhibit responses where
numbers are different (the most confusing case has numbers
differing in a single place). Similarly, in the Flanker test, the
participants have to identify the direction of a central left/
right arrow, that is flanked by surrounding arrows in a
row. We used a test with five arrows. We computed the ratio
of the commission error rate to correct detection from the
IMT/DMT test as an impulsivity marker [16]. Similarly, we
computed the error rate from the Flanker test.

2.4. HRV Measurements. We measured the cardiovascular
response of the participants under stress using the PulseCam
system [33]. The PulseCam system uses a camera and a
pulse oximeter to obtain different cardiovascular parameters,
such as HRV and perfusion.

We measured the patient’s cardiovascular physiology
during their stressed state as stress reportedly reveals indi-
vidual differences in impulsive behaviors, which might not
be readily observed in a non-stressed state [19]. The Pulse-
Cam measurements were completed for 29 participants.
For the remaining five: three participants did not enroll for
the PulseCam study component, one participant stopped
midway and preferred to discontinue, and there were techni-
cal issues during measurements for one participant rendering

the data unavailable for analysis. Though both facial video
recording and pulse-oximeter measurements are available,
in this study, we analyzed the pulse-oximeter measurements
only to derive HRV measures. The camera data would be rel-
evant in future analysis where the relation between blood per-
fusion and impulsivity/stress will be studied. We used the
standard Math task and the speech task, part of the Trier
social stress test (TSST) stress framework [34] to induce stress
in participants. Each stress task was about 5 minutes long.

We used the biopeaks toolbox implemented in Python
[35] to process the photoplethysmography signal from the
pulse oximeter and calculate the following HRV features.

(1) Root mean square of the sum of successive differ-
ences (RMSSD).

(2) Standard deviation of the peak-to-peak intervals
(SDRR).

(3) Percentage of peak-to-peak intervals lower than
50ms.

(4) Percentage of peak-to-peak intervals lower than
20ms.

We computed the average HRV features from the stress
task phases for participants. HRV differences in groups with
different impulsivity have been reported in earlier studies
[18, 36]. Suicidal ideation has also been found to be linked
with cardiac autonomic dysregulation, which impacts
HRV, in a previous study [37].

2.5. Functional Magnetic Resonance Imaging. We obtained
the fMRI-based functional connectivity of the participant’s
brain during the resting state and the task phase (while com-
pleting the behavioral tests). We used a 3T Siemens Prisma
Fit machine for the fMRI scans. In the scope of this study,
we analyzed resting state connectivity. We obtained the
structural scan with a 1mm isotropic voxel, echo time of
0.00298 seconds, repetition time of 2.3 seconds, and voxel
size of 1 × 1 × 1mm3. Similarly, we obtained the resting state

Table 1: Demographics of participants in our study.

Characteristics Participants

Number of participants 34

Gender 15 males and 19 females

Age 27:3 ± 5:2

Primary diagnosis

21 MDD

11 bipolar disorder

1 panic disorder

1 post-traumatic stress disorder

Suicidality

7 no suicidality

11 low suicidality

13 moderate to severe suicidality

3 information not provided

Note. A total of 34 young participants with mental health disorders were
enrolled in the study.
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fMRI scans at a resolution of 91 × 109 × 91 with a slice thick-
ness of 2.2mm, echo time of 0.037 seconds, repetition time
of 1 second, and voxel size of 2:2 × 2:2 × 2:2mm3. The fMRI
data were processed using the CONN software [38], using
the default pre-processing pipeline (97th percentile in nor-
mative sample) of CONN to process the functional and
structural MRI data.

We used an ROI–ROI analysis in CONN, using the stan-
dard Harvard–Oxford and AAL atlas available in CONN
defining the brain region parcellations. Emotion and
impulse processing have implicated the insula [39–43], par-
ticularly its connectivity to the prefrontal cortex (PFC)
regions in the context of suicidality [20]. Accordingly, we
obtained the connectivity (defined with Fisher transformed
correlation of BOLD signal in the atlas regions) between
the left and right insula with medial, rostral, and lateral pre-
frontal cortex regions (MPFC, RPFC, and LPFC, respec-
tively) of the brain atlas.

2.6. Multimodal Objective Impulsivity Assessment for
Suicidality Classification. We evaluated a multi-class suicid-
ality classifier (none, low, and moderate to severe suicidality
classification) using impulsivity measures obtained from dif-
ferent objective modalities (behavioral tests, HRV, and
rsfMRI). The classifier was evaluated in a leave-one-partici-
pant-out (LOPO) cross-validation setting. We chose LOPO
for cross-validation because LOPO approximates clinical
deployment [44, 45] and is commonly used for evaluations
with a limited number of participants [46–50], as is the case
for our study. We used the support vector machine classifier
with the radial basis function (RBF) kernel for classification.
Support vector machine (SVM) was found to outperform
random forest and logistic regression-based classifiers for
suicidality prediction. We used the SVM implementation
in the scikit-learn library of Python with the gamma value
set to ‘scale’ and C obtained with cross-validation, using
the value of C that resulted in the best LOPO classification
accuracy when using questionnaire-based features only for
prediction. We used mean imputation from the training set
within the cross-validation loop to fill in missing features,
if any. A multimodal classifier (fusion model) was trained
that fused the prediction from three classifiers trained on
the objectively measured HRV, behavioral tests, and rsfMRI
features. Compared with the early fusion of features, a late
fusion of decisions does not encounter increasing dimension-
ality in a low data setting when different modalities are
employed together. We employed a max-fusion scheme, that
is, predictionfusionmodel =max(predictionhrv, predictionbehavior-
altest, predictionrsfMRI), which is valid when the target classes
are ordinal as is the case in our suicidality prediction. The
max-fusion scheme was found to outperform early fusion on
the feature level and other fusion schemes, such asmin-fusion
where the minimum of all predictions is taken as the final pre-
diction. To evaluate the robustness of the employed classifica-
tion pipeline, we evaluated the pipeline with (i) label
permutation and (ii) random Gaussian signal as input fea-
tures. These two evaluations are expected to provide near-
random classification accuracy and highlight overfitting in
the pipeline if any [51]. Additionally, to further assess the

robustness of the association between impulsivity features
and suicidality, we also evaluated a two-stage classification
setup to compare with the proposed direct three-class classifi-
cation. The two-stage classification consisted of a suicidality/
no-suicidality classifier in the first stage and a low/moderate
to severe suicidality classifier in the second stage (only
invoked if suicidality is predicted in the first stage for a test
participant). A high classification would be expected irrespec-
tive of the classification pipeline (direct classification or two-
stage) if the impulsivity features are predictive of suicidality.

3. Results

3.1. Group Difference in Terms of Questionnaire-Based
Impulsivity. We computed the impulsivity scores from BIS-
11 and UPPS-P, along with the subscales, in the three suicid-
ality groups. The results obtained are shown in Table 2. The
groups with higher suicidality had higher impulsivity scores
compared with the non-suicidality group for both BIS and
UPPS-P questionnaires across subscales. The motor and
attentional impulsivity subscale from BIS was significantly
different across the suicidality groups (we assessed all group
differences using the non-parametric Kruskal–Wallis test).
The MINI assessment also produced a timepoint of suicidal-
ity, lifetime (N = 11), current (N = 8), or future (N = 8)—a
participant can be assigned to multiple time points of suicid-
ality. We assessed the difference between motor and atten-
tional impulsivity based on the suicidality timepoint, as
shown in Figure 1. There was no significant difference within
the suicidality group (low or moderate to severe) based on
the suicidality timepoint.

3.2. Behavioral Tests and Impulsivity Questionnaires. We
used the Flanker test and IMT/DMT tests to get an objective
assessment of impulsive behaviors. Flanker test results from
each participant were processed to obtain an error rate. Sim-
ilarly, commission errors to correct the detection ratio were
extracted from the IMT/DMT tests. The average error rate
for different suicidality groups is shown in Table 3. The error
rates for the suicidality group were higher in the IMT/DMT
test and the Flanker test. However, none of the differences
were significant.

3.3. HRV and Impulsivity. We computed average HRV dur-
ing the stressed state and assessed the difference between the
groups with different suicidality. The results obtained are
presented in Table 4. The groups with suicidality had higher
HRV compared with the non-suicidality group, and the dif-
ference between the groups was significant for the RMSSD,
pNN50, and pNN20 features.

3.4. Resting State fMRI Connectivity and Impulsivity. We
assessed the connectivity between the insula and prefrontal
cortex regions using the ROI-to-ROI analysis obtained with
CONN toolbox for analyzing fMRI-based brain connectiv-
ity. These brain regions are involved in impulse processing
about suicidality [20, 52]. The difference between groups in
terms of their rsfMRI connectivity is summarized in
Table 5. Though there was a difference between groups in
terms of the connectivity from the left and the right insula
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regions, for example, the insula (left) and the left lateral pre-
frontal cortex connectivity consistently increased with
increasing suicidality, the differences were not significant.

3.5. Multimodal Impulsivity Assessment for Suicidality
Classification. Given the group difference in terms of differ-
ent impulsivity markers, we evaluated unimodal and multi-
modal suicidality classifications. The results obtained from
an SVM classifier with impulsivity measures from different
modalities, and the fusion of objective measures, are shown
in Figure 2. A classification accuracy of 96.77% was obtained
with the fusion of the multiple objective modalities, which is
higher than the classification accuracy obtained with any other
single modality and much higher than a baseline accuracy of

41.93% obtained with a model that provides the most com-
mon class of the training set as its prediction. The classifica-
tion accuracy of 96.77% is also higher than the average
accuracy of 32.25% obtained under random label permuta-
tion and the accuracy of 41.29% obtained when training
the model with random Gaussian data as features [51].
The fusion model employed the objectively obtained impul-
sivity markers from the behavioral tests, HRV, and rsfMRI
connectivity. In a fusion model without the rsFMRI-based
features, the suicidality classification accuracy obtained
was 83.87%. Compared with the direct three-class classifier,
the two-stage classifier (first classify if a participant has sui-
cidality, then classify the level of suicidality if the participant
was predicted to have suicidality) also resulted in a high
classification accuracy of 90.32%.

4. Discussion

Suicidality spans the gamut from past suicide attempts to
elaborate suicidal planning. Despite the relevance of impul-
sivity to mental health and specifically self-harm and suicid-
ality, its quantification to characterize suicidality is still
elusive. Although questionnaires are most often used for
measuring impulsivity, several other objective methods for
impulsivity assessment are also being explored to bypass
questionnaires’ subjective nature. In this study, we pursued
a multimodal impulsivity assessment to characterize a clini-
cal population with varying levels of suicidality. Impulsivity
markers from questionnaires, behavioral tests, HRV, and
rsfMRI were obtained from 34 participants with mental
health disorders. Suicidality was assessed using widely used
questionnaires (i.e., the MINI as a widely used structured
diagnostic instrument) rather than specialized instruments,
keeping potential future generalizability and scalability in
mind. Our study shows the advantage of multimodal assess-
ments and the inclusion of objective physiological measures
and structured interviews in assessments of suicidal propen-
sity. Interestingly, although none of the included subjects
were endorsing active suicidal intent, thoughts, or plans at

Table 2: Group difference in groups with different suicidality in terms of questionnaire-based impulsivity scores.

Impulsivity
Suicidality

None Low Moderate to severe Group difference P-value

BIS

Total 63:00 ± 12:57 71:91 ± 17:43 79:38 ± 15:32 0:119
Attentional 17:43 ± 3:36 20:55 ± 6:36 23:00 ± 4:12 0:046
Motor 21:43 ± 3:60 26:82 ± 6:97 27:54 ± 4:33 0:044
Nonplanning 24:14 ± 7:31 24:55 ± 5:65 28:85 ± 8:07 0:329

UPPS-P

Negative urgency 2:60 ± 0:78 2:98 ± 0:60 3:21 ± 0:69 0:210
Premeditation 1:84 ± 0:57 2:11 ± 0:59 2:34 ± 0:76 0:295
Perseverance 2:01 ± 0:62 2:34 ± 0:43 2:58 ± 0:50 0:139
Sensation seeking 2:68 ± 0:19 2:82 ± 0:58 2:75 ± 0:75 0:764
Positive urgency 2:03 ± 0:60 2:39 ± 1:01 2:57 ± 1:16 0:618

Note. Higher attentional and motor impulsivity were present in the groups with suicidality.

No

40

Attentional
Motor

35

30

25

Im
pu

lsi
vi

ty
 sc

or
e

20

15

Lifetime

Suicidality time point category

Current Future

Figure 1: Motor and attentional impulsivity differences based on
suicidality timepoint. The motor and attentional impulsivity showed
a significant difference between suicidality groups and were thus
selected for this visualization to understand if there are impulsivity
differences based on suicidality time point categorization.
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the time of study procedures and follow-up (4 weeks), differ-
ences in suicidality and impulsivity classifications persisted,
highlighting the possibility of using multimodal impulsivity
measures in suicidality assessments in a longitudinal fashion.

BIS and UPPS-P are commonly used questionnaires to
assess an individual’s impulsivity. In both questionnaires,
the groups with suicidality had a higher impulsivity score
across all subscales (Table 2), with attentional and motor
impulsivity from BIS significantly different across the
groups. Higher motor and attentional impulsivity have been
associated with higher suicidal risk in previous studies also
[53, 54]. The suicidality group had the highest UPPS-P sub-
scale of negative urgency, possibly capturing the group’s
characteristic to act harshly in the presence of negative
stress. From behavioral tests, only the error rates from the
IMT test were higher for the suicidality groups, though not
significantly so, compared with the non-suicidality group
(Table 3). Future studies should investigate other markers
derived from behavioral tests that could link to impulsivity
differences between groups about suicidality. HRV features
have also been linked to impulsivity in previous studies
[18, 55]. In our study, the differences in RMSSD, pNN50,
and pNN20 features were significant across the suicidality
groups. Since HRV could be affected by confounding factors,
such as participants’ sensitivity to the given stressor, baseline
HRV, and demographics, future studies with a larger num-
ber of participants should assess approaches to understand
suicidality–HRV relations accounting for possible con-
founders in this relation. Brain connectivity analysis for
impulsivity markers has been pursued in previous studies
[21–23], implicating insula regions and the pre-frontal cor-
tex regions for impulse control about suicidality [20, 52].
However, the connectivity between the insula and pre-
frontal cortex regions did not differ significantly between
the groups in our analysis (Table 5). Future studies with a
larger participant group could help identify brain regions
linked with impulsivity in relation to suicidality. In the current
study with a small number of participants, exploring more
seed regions in the brain could have elevated the chances of

overfitting. Therefore, different seed regions in the pre-
frontal cortex and limbic systems implicated in psychopa-
thology should be explored in future studies with a larger
number of participants.

We analyzed multiple markers in assessing group differ-
ences across suicidality groups. Corrections for multiple
comparisons would lead to the observed significant differ-
ences falling below the significance threshold. Thus, the
markers considered in our analysis could be considered only
as weakly associated with suicidality. These weak markers
could still be combined to obtain a better predictor of suicid-
ality. To test this possibility, various modalities for impulsiv-
ity markers were used in a three-class classification pipeline
to predict a given participant’s suicidality group (none, low,
or moderate to severe). Individually, each modality gave
good classification accuracy (>67% for each of the modalities
considered). Multiple markers were obtained from each
modality. Thus, the combination of markers probably led
to a better representation of suicidality group differentiation.
This was further highlighted with the fusion of the impulsiv-
ity markers from HRV, rsfMRI, and behavioral tests. We
obtained a high classification accuracy of 96.77% (Figure 2).
The classification accuracy is much higher than the baseline
classification accuracy of 41.93% (obtained by always predict-
ing the dominant class in the training set within the LOPO
cross-validation) and accuracy obtained under label permuta-
tion (32.25% accuracy) or training with Gaussian random
data (41.29%). The latter has been proposed as a method to
assess classifier overfitting under small dataset scenarios
[51]. In a fusion model where the rsfMRI is not included, sui-
cidality prediction accuracy is 83.8%. This indicates that easily
deployable measurements, such as behavioral tests and HRV,
could together still provide a good suicidality classifier for
scalable and more continuous assessments.

A high accuracy (>90%) in suicidality classification was
reported in an earlier study [29] using fMRI activations
alone. However, the evaluation was reported to be biased,
and unbiased classification accuracy was reported to be no
better than a chance classification [30]. Similarly, another

Table 3: Group difference between suicidality groups in terms of behavioral test scores obtained from the Flanker and IMT/DMT test.

Suicidality
Impulsivity None Low Moderate to severe Group difference P-value

Error rate—Flanker 0:29 ± 0:22 0:19 ± 0:09 0:25 ± 0:16 0.664

Commission error—IMT 0:26 ± 0:04 0:30 ± 0:13 0:41 ± 0:17 0.208

Commission error—DMT 0:60 ± 0:22 0:90 ± 0:97 0:66 ± 0:38 0.934

Table 4: Group difference between groups with different suicidality in terms of HRV features obtained with the PulseCam system.

Suicidality
Impulsivity None Low Moderate to severe Group difference P -value

SDRR 45:78 ± 22:15 61:08 ± 35:04 82:53 ± 36:97 0.069

RMSSD 40:46 ± 15:87 48:13 ± 31:35 76:43 ± 32:72 0.017

pNN50 16:27 ± 13:25 21:08 ± 17:54 39:95 ± 15:62 0.012

pNN20 37:97 ± 18:17 43:15 ± 23:32 63:34 ± 11:95 0.017
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study [31] reported ∼78% accuracy in classifying suicidal/
non-suicidal groups using brain imaging modalities. The
higher accuracy obtained in our study could be due to the
nature of the participant group (participants with mood dis-
orders), indicating the stronger association between suicidal-
ity and impulsivity in this particular group, and the diversity
of the modality applied for the classification system (rsfMRI
modality alone had only 87.09% classification accuracy in
our analysis). In future studies with larger and more diverse
participants, a suicidality classification could additionally
benefit from the availability of other data sources like daily
behavioral features and genetic features [3] and needs to be
further investigated.

In our analysis, we observed large classification accuracy
variations across different classifiers and sensitivity of classi-
fication accuracy to the hyperparameters in the chosen SVM
model. To get further confidence about the predictive power
of the impulsivity features for suicidality prediction, we also
evaluated a two-stage classifier where the first classifier
assessed if a participant has suicidality (a binary classifier of
yes or no), and the second classifier assessed the suicidality
level (low or moderate to severe) for participants predicted
to have suicidality by the first classifier. We obtained high
classification accuracy with the two-stage classifier result-
ing in a classification accuracy of 90.32% with a fusion of
the modalities, hinting at the robustness of the learned

Table 5: Group difference of connectivity between the insula and prefrontal cortex regions between the suicidality groups.

Suicidality
Impulsivity None Low Moderate to severe Group difference P -value

Insula (L)_MPFC −0:21 ± 0:33 −0:18 ± 0:25 −0:17 ± 0:44 0.905

Insula (L)_RPFC (L) 0:59 ± 0:12 0:45 ± 0:28 0:55 ± 0:20 0.282

Insula (L)_RPFC (R) 0:48 ± 0:23 0:25 ± 0:26 0:38 ± 0:29 0.186

Insula (L)_LPFC (L) −0:08 ± 0:26 0:13 ± 0:20 0:18 ± 0:28 0.144

Insula (L)_LPFC (R) 0:03 ± 0:29 −0:17 ± 0:27 0:09 ± 0:25 0.135

Insula (R)_MPFC −0:15 ± 0:28 −0:30 ± 0:27 −0:10 ± 0:38 0.286

Insula (R)_RPFC (L) 0:52 ± 0:17 0:36 ± 0:23 0:49 ± 0:23 0.259

Insula (R)_RPFC (R) 0:72 ± 0:40 0:38 ± 0:25 0:53 ± 0:22 0.111

Insula (R)_LPFC (L) −0:24 ± 0:26 −0:02 ± 0:28 0:10 ± 0:27 0.061

Insula (R)_LPFC (R) 0:09 ± 0:30 0:01 ± 0:29 0:19 ± 0:29 0.376

Insula (L)_MPFC −0:21 ± 0:33 −0:18 ± 0:25 −0:17 ± 0:44 0.905

Insula (L)_RPFC (L) 0:59 ± 0:12 0:45 ± 0:28 0:55 ± 0:20 0.282

Insula (L)_RPFC (R) 0:48 ± 0:23 0:25 ± 0:26 0:38 ± 0:29 0.186

Behavior test

HRV

rsfMRI

Fusion modelFe
at

ur
e s

et

Fusion model
(without rsfMRI)

Baseline

0 20 40 60

Accuracy (%)

80 100

Figure 2: Multiclass classification of suicidality group (none, low, or moderate to severe) using different impulsivity-related markers from
objective modalities (behavioral tests, HRV, and rsfMRI). A SVM-based classifier was trained for the classification model. The baseline
accuracy of 41.93% is obtained with a model that provides the most common class of the training set as its prediction.
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classification boundaries that appears across different clas-
sification strategies. Previous studies on suicidality predic-
tion using genetic features have also shown remarkable
accuracy in suicidality prediction, for example, predicting
suicidal ideation within a bipolar disorder group with an
area under the curve of 0.98 [56]. Despite the high classifi-
cation accuracy obtained in our study and previous studies,
the question of the generalizability of suicidality prediction
on a larger population group remains an open question. A
classification pipeline evaluated on a small dataset has risks
of overestimation due to overfitting [51]. For our study, a
separate validation set from a new study would be helpful
to further assess the robustness of the classifier. This will
be pursued in future studies. A study with larger and more
diverse participants would be further helpful to under-
stand, which classifiers and feature sets could generalize
for suicidality prediction in a bigger sample.

Overall, the high suicidality classification accuracy
obtained from the impulsivity markers in our study indicates
that impulsivity could be a crucial factor in suicidality. In the
high suicidality group, higher impulsivity might be a factor
in a higher probability of suicidal thoughts and intents trans-
lating into action. Studies should be designed in the future to
better understand this aspect.

5. Conclusions

Although questionnaires are commonly used to assess
impulsivity, various objective impulsivity makers based on
behavioral tests, HRV, and brain connectivity appear to be
useful in the quantification and classification of impulsivity.
In this study, we pursued a multimodal assessment of impul-
sivity to characterize groups with varying levels of suicidal-
ity. Questionnaires-based impulsivity subscales and HRV
features were significantly different across the suicidality
groups. A multimodal objective impulsivity marker-based
classifier outperformed the unimodal system in the suicidal-
ity/non-suicidality classification of the participants. Impul-
sivity being a multi-dimensional construct likely benefits
from the multimodal representation, which captures vari-
ous aspects of (neuro-) biological and behavioral pathways
involved in impulsive behaviors when it comes to predict-
ing suicidality. Furthermore, analysis of impulsivity’s rela-
tion to suicidality under different clinical scenarios is
needed in future studies, especially analyzing the relation
in the presence of strong/periodic negative emotions, sub-
stance use, and lethal method availability, to design just-
in-time intervention strategies.
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