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Abstract

Bipolar disorder (BD) is associated with marked suicidal susceptibility, particularly
during a major depressive episode. However, the evaluation of suicidal risk remains
challenging since it relies mainly on self-reported information from patients. Hence, it
is necessary to complement neuroimaging features with advanced machine learning
techniques in order to predict suicidal behavior in BD patients. In this study, a total of
288 participants, including 75 BD suicide attempters, 101 BD nonattempters and
112 healthy controls, underwent a resting-state functional magnetic resonance imag-
ing (rs-fMRI). Intrinsic brain activity was measured by amplitude of low-frequency
fluctuation (ALFF). We trained and tested a two-level k-nearest neighbors (k-NN)
model based on resting-state variability of ALFF with fivefold cross-validation. BD
suicide attempters had increased dynamic ALFF values in the right anterior cingulate
cortex, left thalamus and right precuneus. Compared to other machine learning
methods, our proposed framework had a promising performance with 83.52% accu-
racy, 78.75% sensitivity and 87.50% specificity. The trained models could also repli-
cate and validate the results in an independent cohort with 72.72% accuracy. These
findings based on a relatively large data set, provide a promising way of combining
fMRI data with machine learning technique to reliably predict suicide attempt at an
individual level in bipolar depression. Overall, this work might enhance our under-
standing of the neurobiology of suicidal behavior by detecting clinically defined dis-

ruptions in the dynamics of instinct brain activity.
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1 | INTRODUCTION

Bipolar disorder (BD) patients have a pooled suicidal rate of approxi-
mately 164 per 100,000 person-years (Schaffer et al., 2015) and a life-
time prevalence of suicide attempt as high as 34% (Dong et al., 2019).
The suicidal risk in BD patients is roughly 20-30 times greater than
that of the general population (Malhi et al., 2018). A history of prior
suicide attempts is a major independent risk factor for a subsequent
attempt and could presumably reflect the level of intent to die
(Johnston et al., 2017). Individuals who attempted suicide would
repeat self-harm in the following year as 1.6% of them died by suicide
within the next 12 months, while 3.9% died by suicide within the next
5 years (Mark Olfson et al., 2017).

At present, the prediction of suicidal behavior remains very chal-
lenging in clinical practice. Suicide prediction tools used in clinical
practice are relatively poor predictors of a future suicidal attempt.
Since nearly 80% of suicide completers concealed their intention to
attempt suicide, it is difficult to accurately predict who will make a sui-
cide attempt (Just et al., 2017). The vast majority of patients who ulti-
mately died by suicide were categorized as low risks at the time of
assessment (Fazel & Runeson, 2020). Suicidal behaviors are difficult to
predict since the suicidal risk assessment from retrospective and self-
reported measurements are subjective and thus, liable to be biased
and inaccurate. Therefore, there is a compelling need for developing
objective biomarkers which do not rely on subjective self-reported
assessments for early identification of suicide in clinic.

Resting-state functional MRI (rs-fMRI) provides noninvasive imag-
ing risk biomarkers underpinning suicidal behavior. Converging find-
ings, in the last two decades, located at the ventral prefrontal cortex
(VPFC) and dorsal PFC systems that mainly involved in emotion and
impulse regulation (Schmaal et al., 2020). In addition, the dorsal ante-
rior cingulate cortex, and insula play roles in switching between VPFC
and DPFC systems, which may contribute to the transition from sui-
cidal ideation to attempt. However, most studies focused on discrimi-
nating the associated brain alterations at group level. Sophisticated
machine learning methods are of great practical value for identifying
suicidal behavior at the level of individual (Woo et al., 2017). One rs-
fMRI study differentiated suicide attempters (n = 10) from patients
with suicide ideators (n = 9) by applying a support vector machine
(SVM) classifier based on the features of resting-state functional con-
nectivities (Caceda et al., 2018). Similarly, one task-based fMRI
research used machine-learning algorithms and identified suicidal
ideators (n = 17) from controls (n = 17) with a high (91%) accuracy
(Just et al., 2017). A recent study with a relatively large cohort (sui-
cidal [n = 63] and nonsuicidal psychiatric inpatients [n = 65]) has
demonstrated that neuroimaging can be used as an unbiased bio-
marker to classify suicidal behavior in psychiatric inpatients without

observing any clinical features (Gosnell et al., 2019). These findings

suggested that the integration of neuroimaging features and machine
learning approaches could assist clinicians in the individualized predic-
tion of suicidal behavior in BD patients.

Given that individuals with a prior suicide attempt are at a higher
risk of engaging in a subsequent attempt (Gonda et al., 2012; Plans
et al., 2019), the meticulous assessment of suicide risk in such sub-
group deserves more attention. Hence, neuroimaging could poten-
tially provide actionable biomarkers for the early identification and
management of patients with a history of suicide attempts (Jiang
et al., 2020; Tian et al., 2021). In the present study, we utilize k-
nearest neighbors (k-NN) method, a machine learning technique, to
precisely identify suicide attempters with BD during a current depres-
sive episode in a large cohort of 288 participants. We then to quantify
their suicidal risk based on resting-state spontaneous neural activity
and compared the performance of k-NN to other machine learning
techniques. We hypothesized that machine learning techniques based
on neuroimaging features could discriminate suicide attempters from
nonattempters. Our aim was to develop a framework which could pre-
dict suicidal attempts in patients with bipolar depression.

2 | METHODS AND MATERIALS

2.1 | Subjects

We performed an independent analysis of the data set which was previ-
ously reported in Jiang et al. (2020). Briefly, a relatively large cohort of
288 participates, including 75 BD with suicide attempters, 101 nonat-
tempters and 112 nonpsychiatric and nonattempt controls, who were
recruited from the inpatient Department of Psychiatry of the Affiliated
Brain Hospital of Nanjing Medical University. The diagnosis of BD was
made using the Mini-International Neuropsychiatric Interview (MINI, Chi-
nese version) according to the criteria set by the Diagnostic and Statistical
Manual of Mental Disorders, Fourth Edition, Text Revision (DSM-IV-TR)
by two psychiatrists. At time of inclusion, BD patients were experiencing
a major depressive episode, as ample evidence supports that most suicide
behavior occur in depressive episode (lliachenko et al., 2020; Miller &
Black, 2020). The severity of depressive symptoms was evaluated using
the 17-item Hamilton Depression Rating Scale (HAMD-17).

In this study, a suicide attempt(s) was confirmed when patients
committed as at least once self-injurious act with the intent to die
during the recent depressive episode but did not lead to death
(Fazel & Runeson, 2020) and had a score of 22 on the 3-item (suicide)
of HAMD-17. The suicidal risk of patients with bipolar depression
was accessed utilizing the Nurses' Global Assessment of Suicide Risk
(NGASR) (Cutcliffe & Barker, 2010). A higher NGASR score is indica-
tive of a more severe suicidal risk. All clinical assessments were con-

ducted by two trained psychiatrists.
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2.2 | Rs-fMRI brain activity feature extraction

Rs-fMRI data acquisition and preprocessing were described in the
Supplementary methods section similar to the methods employed by
Wang et al. (Wang et al., 2020). Spontaneous brain activity was mea-
sured by amplitude of low-frequency fluctuation (ALFF) (Yu-Feng
et al., 2007). Based on the methodology of Li et al. (2019), the con-
ventional “static” ALFF at each voxel and their dynamics with sliding
windows were calculated. The window size is a key parameter in
resting-state dynamics computation. A larger window size might mask
the true temporal variability of dynamic ALFF (dALFF). The minimum
window size should not be less than 1/fyin, Where fiin is defined as
the minimum frequency of the filtered time series (fmin = 0.01 Hz in
current study). According to our previous study (Tian et al., 2021), we
selected the optimal window length of 40 TRs (120 s) and stride 10%
window length to compute the temporal variability of ALFF. After
“static” ALFF calculation for whole scanning, 22 ALFF maps were
obtained for 22 windows. Then, the variance of ALFF maps across
sliding windows was computed to represent the dynamics of ALFF.
This resulted in one “static” ALFF 3D map and one dALFF 3D map
profile for each subject. The procedure for dynamic ALFF was com-
puted in the DynamicBC Matlab toolbox (www.restfmri.net/forum/
DynamicBC). In order to confirm the reliability of dALFF with the slid-
ing windows, we applied three auxiliary window lengths (30TRs,
50TRs and 60TRs) and performed one additional step size (1TR) so as

to validate the main results (see Supplementary information).

2.3 | Identifying associated rs-fMRI activity
features with suicide attempt

In an effort to explore the brain voxels-wise measures for distinguish-
ing different groups, we applied multivoxel pattern analysis (MVPA)
(Norman et al., 2006) and analyzed the subject-specific activity as fol-
lows. First, we calculated the voxel-wise variance of ALFF and dALFF
maps across 176 bipolar samples, respectively. According to the fea-
tures of decision-theory, either an excess of homogeneity or hetero-
geneity would drop the performance of models (Bondi et al., 2023;
Meng et al., 2017). Therefore, we eliminated the voxels whose vari-
ance were not within [a(1 — a)] x 100% of all samples. The threshold
of alpha was set as 0.025. Next, voxel-wise mutual information was
conducted to capture the linear and nonlinear correlations between
each voxel's ALFF/dALFF value and attempt label (attempters equal
1, otherwise 0) across samples. Given that higher values represent
higher dependency involved in suicidal behavior, 10% of the highest
dependent voxels were selected. This resulted in a new ALFF map
and one new dALFF map for each subject in which the specific voxels
related to suicidal behavior were initially selected for further machine
learning analyses. Then the first-level k-NN classifier was applied to
further select voxel-wise features. Here, the k parameter set
depended on both the feature dimensionality selection output and
the second-level ensemble k-NN performance. A grid-search approach
was adopted to select optimal k parameter (the detailed processing is
available in Figure S1). The voxels with more than 60% accuracy were

selected for the second-level ensemble k-NN to test their perfor-
mance. The selected voxels are representative of brain functions

involved in suicidal risk of bipolar depression.

24 | Discriminating suicidal behavior and
quantifying suicidal risk

The discriminating capability of machine leaning models were first and
foremost investigated. Although there is no standardized machine
leaning analysis on neuroimaging, some common pipelines for ensuing
model validity and reliability were followed (details in Figure S2).

To test the models' performance, a fivefold cross-validation was
conducted. We randomly divided all patients into five subsets equally.
Out of the five subsets, four subsets acted as training data to train an
optimal model and the remaining one tested the performance of the
model. This procedure was repeated five times until each subset was
tested once. The averaged results of all folds were considered as the final
performance. In order to test the robustness of the classifier, group per-
mutation test was repeated 1000 times until a reference distribution was
formed. For each permutation run, we randomly shuffled the group
labels and followed the proposed classification model. The p value was
obtained by comparing the observed actual classification performances
to the reference distribution. For suicidal risk predicting, the performance
of predicting models was evaluated by the Pearson correlation between
the model estimation and the clinical assessment of NGASR total scores.

Different machine learning classifiers (ML), including SVM and
random forest (RF), were compared to k-NN. For each two levels ML
classifier, the first level ML was applied at voxel-wise to select voxels
with more than 60% accuracy and the second level ML was used to
test voxels' ensemble performance of the classification task. The
whole classification and evaluation processes were performed in

python using scikit-learn toolkit (http://scikit-learn.github.io/stable).

2.5 | Validating discrimination ability for an
independent cohort

After investigating the neurological biomarker of suicidal behavior in
patients with BD, we try to classify new subjects based on the
selected biomarkers and models from the original 176 subjects. The
new cohort including 14 attempters and 19 nonattempters were
scanned and preprocessed with the same standard. For each new sub-
ject, a feature vector was extracted from dynamics of the neural activ-
ity on the discriminative voxels found from the original subjects.
Consequently, the attempters in new cohort were classified using a
2-levels k-NN classifier that was trained using the feature vectors
from original subjects.

2.6 | Statistics

In this pilot study, we investigated the neurological susceptibility of
BD suicide attempters from three auxiliary analyses (Du et al., 2015).
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First, feature permutation tests were repeated 1000 times to confirm
the feature dependency of discriminative voxels in predicting suicide
attempt in BD depression patients. While maintaining the same num-
ber of voxels in the real classification model, we randomly selected
voxels for each permutation run and compared them with the
observed actual classification performances (Ojala & Garriga, 2010).
Second, one-way analysis of variance (ANOVA) was applied on ALFF
or dALFF within voxels in the discriminative regions to compare BD
patients with suicide attempt, without attempt and controls without
any psychiatric disorders and a history of suicide attempt. Age, gen-
der, years of education, mean framewise displacement (FD) and
HAMD score were controlled as covariates. Third, Pearson correlation
analyses were conducted to validate the association between suicidal
risk based on clinical assessment and intrinsic brain activity in the dis-

criminative regions.

2.7 | Ethics

This study adhered to the ethical guidelines of the World Medical
Association Declaration of Helsinki (Nathanson, 2013) and was
approved by the Local Medical Ethics Committee of the Affiliated
Brain Hospital of Nanjing Medical University (protocol number
2014-KY045). All participants signed an informed consent form and
were compensated financially for their participation.

3 | RESULTS

3.1 | Demographic and clinical characteristics

The demographic and clinical characteristics of the participants were
summarized in Table 1 (for more details see Table S1). There were no
statistical differences in the demographic variables among BD depres-

sion with SA, BD depression without SA and healthy controls except

age and education (age: Fpos5 = 7.61, p<.001; Education:
Fi2.285 = 9.31, p < .0001). Specifically, the SA group were older than
the NSA group and there was no significant difference in the educa-
tion years between them. In addition, there was no significant differ-
ence in the severity of depressive symptoms between the two
patients' groups. However, the SA group scored significantly higher
on the third item of HAMD and NGASR compared to the NSA group
(p <.0001).

3.2 | Suicidal behavior discriminations and suicidal
risk quantification

In the current study, both static brain activity (ALFF) and their dynam-
ics (AALFF) were extracted. Thereafter, the first level k-NN classifier
was applied so as to identify the rs-fMRI activity features associated
with suicidal attempt in patients with bipolar depression. We then
trained the assembled k-NN models based on these features to clas-
sify suicide attempters from nonsuicide attempters. Figure 1a shows
the confusion matrices for the proposed k-NN models. The diagonal
elements of the confusion matrices represented the instances in
which the predicted class was equal to the actual class. The off-
diagonal elements depicted those that were mislabeled by the classi-
fier. Sensitivity, specificity, and accuracy were calculated based on the
confusion matrices. The k-NN classifier displayed a balanced classifi-
cation accuracy of 84% when k = 6. The detailed performances (accu-
racy: 83.52%, sensitivity: 78.75%, specificity: 87.50%) were illustrated
in Figure 1b. The permutation results in Figure 1c validated that the
performance of our k-NN models were significantly higher (p < .001)
than the stochastic model whereby the expected accuracy due to ran-
dom shuffling was around 49.94% (selecting random features) and
50.77% (shuffling class labels).

K-NN is a nonparametric method not only used for classification
and regression but also for mining medical imaging data (Douglas
et al., 2011; Erickson et al., 2017; Misaki et al., 2010). However, the

TABLE 1 The demographic and clinical characteristics of the sample.
Characteristics SA NSA Controls t/F/x? p
Numbers of subjects 75 101 112 —
Age, mean (SD), years 27.11 (9.00)¢ 31.00 (10.35) 32.65(9.28) 7.617 .001**
Education, mean (SD), years 13.65 (3.11) 13.67 (3.09) 15.17 (2.52) 9.31° .000***
Gender, male/female 22/53 43/58 41/71 3.25° 197
Total scores (HAMD-17) 23.33 (4.54) 22.07 (4.34) 1.87° .063
HAMD 3rd item 3.12 (0.61) 1.61(1.10) 11.52° .000***
HAMD-16 (without 3, suicide) 20.21 (4.39) 20.44 (3.99) -0.36° 722
NGASR scores 12.73 (2.42) 7.80 (2.46) 13.23° .000***

Abbreviations: HAMA, Hamilton Anxiety Rating Scale; HAMD-17, 17-item Hamilton Depression Rating Scale.

@Univariate ANOVA.
bTwo-sample t test.

“Pearson chi-square test.

9SA versus NSA, p < .05.

*p <.05; **p < .01; ***p < .001.
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best choice of k value depends upon the data. In general, larger values
of k reduce the effect of noise on the classification while making the
boundaries between classes less distinct. The robustness of this
parameter was retested and showed that k-NN model's performance
reached a peak and then maintained a relatively horizontal curve over
a wide range (details referred to Figure 1d). In addition, we compared
the accuracy of different machine learning algorithms and found that
our proposed 2-levels k-NN approach had the best performance.
These results were summarized in Table 2.

Afterwards, individual suicidal risk was predicted by utilizing the
2-level k-NN approach on discriminating voxels. Here, the parameter
k was set equal to the optimal value in the attempter's classification
task. The predicted individual suicidal risk was assessed by the aver-
age NGASR scores of the k-NN. In order to evaluate the k-NN for

regression, we also performed a fivefold cross-validation. Figure 2a

illustrates that the correlation between the predicted NGASR values
(2) Confusion Matrix (b)
SA NSA
w D
é 63 17 < E
> E
E g
2 > 5
T 12 84 |& s
[-» >
True Class
(c) Permutation Test (d)
Accuracy Distribution
. Selected Features
.Class Labels
Features | O Real Models
Labels |
0.0 0.4 0.8

FIGURE 1

and NGASR values were significant (SA group: Rsa = 0.42, p < .0001,
colored in red; NSA group: Rysa = 0.38, p <.0001, colored in blue),
indicating the capability of our model to predict individual risk. The
solid lines represented an exact match between subjective NGASR
values estimated by clinicians and objective suicidal risk predicted by
neural activity. Above the solid line, the objective suicidal risk values
were higher than the subjective NGASR values and vice versa for
values below the diagonal line.

In addition, we compared the NGASR scores between misidenti-
fied attempters by our models and identified attempters, and between
We
observed that the misidentified attempters exhibited lower suicidal
risk than identified individuals (t = —7.49, p <.0001). On the other
hand, the misidentified nonattempters had a higher suicidal risk com-
5.25, p <.0001) (see

misidentified nonattempters and identified nonattempters.

pared to identified nonattempters (t

Figure 2b).
Performance of k-NN Models
1.0
084 oo 088 084 083
0.8 .
0.6
0.4
0.2
0.0- T T :
ACC SEN SPEC PPV NPV
Best Choice of k
100%-
« 80% /\/\ g
:
5 60%-
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Performance evaluation of the proposed k-NN classification. (a) Classification confusion matrices. It is a comparison between the

ground truth (actual values) and the predicted values emitted by the proposed k-NN classification. Four quadrants in the confusion matrix
demonstrated true positive (TP), true negative (TN), false negative (FN) and false positive (FP) values where TP represented the model correctly
predicted the positive class; TN correct the negative class; FN incorrect the negative class; FP incorrect the positive class. (b) Classification
performances were signed in the bar chart. ACC = TP + TN/TP + TN + FP + FN; SEN = TP/TP + FN; SPEC = TN/TN + FP; PPV = TP/TN

+ FP; NPV = TN/TN + FN; (c) permutation tests for random features or class labels. For permutation test on activity features, we randomly
selected activity features and followed the proposed classification model during each permutation run. For permutation test on class labels, we
randomly shuffled the group labels. We observed a higher performance of our k-NN models (circles) compared to the stochastic model on
randomly selected features (red) and shuffling class labels (blue). (d) The robustness of k parameter. The curves showed that performance of
machine learning models reached a e peak and then maintained an approximate horizontal line over a wide range where k = 6 was the peak. ACC,
accuracy; SEN, sensitivity; SPEC, specificity; PPV, positive predictive value; NPV, negative predicative value.



TABLE 2 Performance of all methods in the attempter's classification task.
Features

Classification methods ALFF dALFF Combined

Voxel-wise_Ensemble ACC SEN SPEC ACC SEN SPEC ACC SEN SPEC
k-NN_k-NN 72.17 78.67 67.33 83.52 81.33 85.15 76.08 81.13 72.27
k-NN_SVM 63.05 13.00 100 57.38 0.00 100 57.38 0.00 1.00
k-NN_RF 71.63 66.67 75.25 59.13 56.00 61.39 66.49 66.67 66.34
SVM_SVM 72.75 45.33 93.07 58.51 2.67 100 73.32 45.33 94.06
SVM_k-NN 72.17 78.67 67.33 64.21 45.33 78.22 71.62 46.67 90.10
SVM_RF 74.46 76.00 73.27 62.51 57.33 66.34 72.71 70.67 74.26
RF_RF 59.70 54.67 63.37 61.37 64.00 59.41 67.08 58.67 73.27
RF_k-NN 60.81 58.67 62.38 71.03 68.00 73.27 65.36 58.67 70.30
RF_SVM 57.38 0.00 100 57.38 100 0.00 57.38 0.00 100

Note: We proposed two-level machines leaning (ML) classifier where the first-level ML was applied at voxel-wise to select voxels with more than 60%
accuracy and the second- level ensemble ML made the final classification decision for identifying suicidal attempters from nonattempters. Different ML
classifiers, including SVM and RF were compared to k-NN classier. Bold values showed that the kKNN-kNN classifier achieved the highest accuracy with
desirable sensitivity and specificity on ALFF/dALFF features.

Abbreviations: ACC, accuracy; ALFF, amplitude of low-frequency fluctuation; dALFF, dynamics of ALFF; k-NN, k-nearest neighbors classifier; RF, random
forest classifier; SEN, sensitivity; SPEC, specificity; SVM, support vector machine classifier.

(a)  dALFF Predicts Suicidal Risk (b) True NGASR Comparison
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FIGURE 2 Predicting individual suicidal risk by neural activity. (a) Predictive performance was evaluated by Pearson correlation between
predicted NGASR values and clinically evaluated NGASR values. The solid lines represented an exact match between subjective NGASR values
estimated by clinical experts and objective NGASR values predicted by neural activity as the red line signified SA group and the blue line
characterized NSA group. Red triangles represented attempters who could be correctly identified while red circles represented attempters but
misidentified as nonattempters by our model. Blue triangles represented nonattempters but were identified as attempters while blue circles
represented nonattempters with corrected classified label. Results showed the significant correlation between the predicted NGASR values and
true NGASR values. (b) The true NGASR values measured by clinicians were compared between identified and misidentified patients within each
group. Attempters group, including those who were identified by our models and those who were misidentified as nonattempters, were
illustrated in red box and nonattempters group in blue box. The box plot displayed that the misidentified attempters characterized with lower
suicidal risk than identified individuals while the misidentified nonattempters had higher suicidal risk than identified nonattempters. Idi, identified,;
Mis, misidentified. Three asterisks represented p < .001.

3.3 | Neuropathological anomalies associated with
suicidal risk

among bipolar depression with attempt, nonattempters and healthy
controls. Compared to nonattempters, attempters demonstrated sig-

nificantly greater dALFF values in the anterior cingulum cortex (mean

Figure 3a shows the discriminative voxels, which were scattered over
the whole brain. The primary regions containing more than five voxels
were summarized in Table S2. These regions mainly involved the ante-
rior cingulate cortex, thalamus, precuneus, bilateral superior frontal
gyrus, inferior parietal lobule, precentral gyrus, and inferior temporal

gyrus. For each primary region, the dALFF values were compared

difference [MD] = 0.011, p = .003, 95% confidence interval [CI]:
0.0030-0.019), left thalamus (MD = 0.013, p = 0.025, 95% ClI:
0.0012-0.025) and precuneus (MD = 0.049, p = 0.005, 95% ClI:
0.012-0.087) (see Figure 3b). We also computed the Pearson correla-
tions between dALFF values in the primary regions and the NGASR
scores. We found that dALFF values in the anterior cingulate cortex
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(a) Differences in Discriminative Voxels

(b) Brain Dynamics Comparison
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FIGURE 3 Temporal variability of spontaneous activity in discriminative regions associated with suicidal risk in patients with BD. (a) The
mean difference of brain dynamics in the discriminative voxels between attempters and nonattempters. Warm color indicated the positive
difference while cold color denoted the negative difference. (b) We defined clusters containing more than five voxels as the discriminative
regions, which were summarized in Table S2. Compared to NSA groups, SA groups showed significantly higher activity dynamics in the
Cingulum_Ant_R, Thalamus_L and Precuneus_R, which were correlated with their NGASR scores. Compared with healthy controls, SA groups
revealed higher activity dynamics in the Parietal_Inf_L. Compared with controls, NSA groups revealed higher brain dynamics in the
Cingulum_Ant_R and Parietal_Inf_L, but lower dynamics in the Precuneus_R. (c) Brain dynamics in the primary discriminative regions were
associated with patients' suicide risk. Black solid lines illustrated the association in all patients while red line showed the correlation in attempters.
Blue circles represented nonattempters while red triangles represented attempters. An asterisk represented p < .05. Two asterisks

represented p < .01.

(Rgp = 0.23, p = .0019, Rsa = 0.23, p = .049 in attempters), left thala-
mus (Rgp = 0.16, p = .040) and precuneus (Rgp = 0.21, p = .0043)
were positively correlated with the NGASR scores in patients with
bipolar depression. These results suggested that the anomalies in the
primary regions were involved in facilitating suicidal behavior.

34 |
data set

Discrimination ability of the independent

We tested the trained model using the features identified from the
original 176 patients with BD on our independent testing data set,
which included 14 attempters and 19 nonattempters. For these new
subjects, the models had an accuracy of 72.72% with 78.94% specific-
ity and 64.29% sensitivity. Although the accuracy was lower than the
reported classification accuracy in trained model (83.52%), it is
remarkably high. It is noteworthy that we did not use any information
from new subjects to select features and train the model and hence,
the classification results for new subjects were not biased. In addition,
the trained model significantly predicted the suicidal risk in this inde-
pendent sample (R? = 0.34, F-statistic = 16.17, p = .0003).

4 | DISCUSSION
Suicide is preventable (Mcintyre et al., 2020) and the early identifica-
tion of suicidal behavior in at-risk patients is crucial. Subjects with BD
are most likely to make at least one suicide attempt compared to
other psychiatric disorders (Baldessarini & Tondo, 2020; Rihmer
et al., 2017; Tondo et al., 2021). Consequently, there are increasing
interests in determining whether neuroimaging-based measures could
differentiate among the clinically indefinable patients with distinct sui-
cidal severities. Our work explored neuroimaging biomarkers to distin-
guish attempters from nonattempters in bipolar depression and
predict their suicidal risk by using fMRI voxel-wise dynamic ALFF sig-
nals. Compared to other machine learning methods, our proposed
2-levels k-NN models exhibited the best performance with 83.35%
accuracy (Figure 1). The trained models were also able to replicate the
results in an independent sample with an accuracy of 72.72%.
Generally, a history of suicide attempt is a warning sign that
should be taken seriously by the bedside clinicians (Turecki
et al.,, 2019). In a meta-analysis evaluating the suicide risk in psychiat-
ric patients, it was predicted that approximately half of suicides hap-

pened in lower-risk groups (Harmer et al., 2020; Matthew Large
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et al.,, 2016). Approaches concerning sociodemographic and clinical
risk factors to screening for suicide risk have predictive uncertainty
with high sensitivity but lower specificity or the opposite (Baek
et al., 2021; Belsher et al., 2019; Large et al., 2018), which is problem-
atic. The significant associations between the predicted score and the
results of clinical assessment between both attempters and nonat-
tempters (Figure 2a) indicated that neuroimaging had potential clinical
value for the early categorization of suicidal behavior. Based on the
dALFF signals, we tried to define true positive suicide attempters who
were accurately identified as attempters and false negative suicide
attempters who were misidentified as nonattempters. Compared to
the misidentified attempters, the identified attempters had signifi-
cantly higher suicidal risk (Figure 2b). Conversely, the identified nonat-
tempters exhibited significantly lower suicidal risk compared to the
misidentified nonattempters. These results suggested that bipolar
patients neurologically diverge in their suicidality even if they were
clinically defined within similar categories. This suggested that the
prediction of suicide and suicidal behavior could substantially be
improved by integrating the neuroimaging biological markers with
psychological risk factors simultaneously, while keeping a specific pri-
oritization on imminent suicidality. Even though we demonstrated
that combining fMRI data and machine learning could identify suicide
attempters and assess the suicide risk of bipolar depression patients,
we reiterated the importance of the detailed suicide history and clini-
cal examination as the first step in suicide risks assessment. This could
potentially avoid the administration of brain MRI to such patients,
reducing burden on healthcare.

Recent reviews have revealed the suicide-associated functional
areas (Pan & Phillips, 2014; Schmaal et al., 2020), which included the
prefrontal, cingulate, insula cortices and hippocampus. An impairment
in these regions could lead to emotional dysregulation and cognitive
processing deficits which could precipitate suicidality in bipolar
depression (Huber & Yurgelun-Todd, 2020). In this study, the trained
models identified spatially distributed voxels (Figure 3) which contrib-
uted to the discriminating power of our ML model. We focused on
the primary regions and compared BD suicide attempters with sub-
jects without a history of suicide attempt. Intent attempters exhibited
significantly greater dALFF values principally in the cingulate cortex,
thalamus, frontal, and parietal areas, which were mainly involved in
attentional and emotion-encoding circuits (Cheng et al., 2021; Gong
et al.,, 2021). We also found that the brain dynamics in the discrimina-
tive voxels were correlated with suicidal risk scores of BD patients.
These findings were in accordance with our previous research, which
revealed that suicidal attempters has increased neural activity and
temporal dynamics in in the anterior cingulate cortex (Tian
et al.,, 2021). Gong and colleagues revealed that the dynamic ALFF
alterations in the precuneus/posterior cingulate cortex were much
common feature of BD with suicidal attempt, suicidal ideation and
without suicidal ideation and could predicted the severity of suicidal-
ity (Gong et al., 2020). In addition, ALFF in the thalamus were posi-
tively associated with suicidal ideation in both depressed patients and
bipolar depression (Lan et al., 2022). Dynamic ALFF alterations of
these networks might reflect dysfunctions in adaptive executive

control and emotional regulation that are necessary for cognitive flexi-
bility through adjustments in attention and behavior and outcome
monitoring (Vaden et al., 2020; Zanto & Gazzaley, 2013). In fact, neu-
rocognitive deficits are germane to both suicidal behavior and mental
disorders (Sharma et al., 2017; Sheffield et al., 2017). The BD suicidal-
ity model have previously established the key role of cognitive control
impairments and underlying neuropathophysiological abnormalities
associated to suicidal behaviors (Malhi et al., 2013). These works sug-
gested that the observed dALFF abnormalities could result in an inter-
play between attention and emotion-encoding network activity. In
addition, the identification of potential neural markers might clarify
the cognitive-linked neurobiology of suicidal behavior in BD (Huber &
Yurgelun-Todd, 2020).

BOLD-ALFF has been proved as reliable index for characterizing
resting-state voxel-wise brain activities in contrast to other analytic
metrics (Zuo et al., 2010; Zuo & Xing, 2014). In consistent with previ-
ous studies (Gong et al., 2020; Li et al., 2019), we observed that brain
dynamic ALFF alterations in suicide attempters acted as diathesis for
suicide whereas static ALFF failed to. Therefore, we considered
dynamic ALFF as radiomic features for machine learning. An issue in
neuroimaging and machine learning applications is the choice of the
optimal feature number. It depends on both sample size and the algo-
rithm adopted. As neuroimaging processing often generates huge fea-
tures, data dimensionality reduction methods are necessary to select
optimal subsets for training classification models. After selecting the
voxels which showed top spontaneous activity dependency with
attempter label, we trained the first-level k-NN to create maps of rs-
fMRI activity features in BD depression patients with suicide
attempts. Here, the choice of k parameter also depended on the fea-
ture dimensionality selection output. Since error distribution is usually
unknown prior to classification, we tested a wider range of feature set
sizes derived from different k parameters. Among these, a feature
map was constructed with moderate set size and the top-ranked
ensemble k-NN performance. Subsequently, the optimal k parameter
was determined.

In this article, we selected simpler machine learning methods to
predict individualized suicidal risk in bipolar depression instead of
deep learning. In recent years, deep learning has been applied to
investigate neuroimaging correlates of psychiatric disorders (Vieira
et al., 2017). Deep learning could decompose complex data into multi-
layer representations which can be combined nonlinearly and, in gen-
eral, demonstrate a more fascinating performance than the
conventional machine learning algorithms. However, deep learning
requires larger sample size and faster hardware for computations
compared to k-NN algorithm. In addition, transparency, and interpret-
ability of deep learning in neuroimaging needs to be considered. The
“black box” nature of deep learning feature selection for decision-
making processes makes it extremely difficult to identify significantly
altered brain areas and interpret the results. Indeed, the high accuracy
and positive predictive value of our k-NN model was validated by
independent samples.

There are several limitations that should be acknowledged. First,

the present study adopted a cross-sectional design, and future
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longitudinal studies will need to address whether suicidal risk change
over time. In addition, longitudinal studies should corroborate the pre-
dictive performance of our models. Secondly, the independent sample
size was relatively small. Our results should be further validated by
larger cohorts and other sites. Thirdly, the voxel-wise k-NN algorithm
effectively picked out the discriminative voxels for the ensemble k-
NN algorithm to identify suicide attempters from nonattempters. We
defined regions containing more than five voxels as the discriminative
regions for further statistical analyses. However, the threshold which
lacks refinement, and the small cluster size (the number of connected
voxels) might altogether decrease the statistical power. Finally, the
window size was defined according to the filter bandwidth and our
previous study argued against the use of a specific sliding window
length.

Our findings suggested several exciting avenues and challenges
for future research. According to a previous study employing spatially
independent component analysis on rs-fMRI (Kam et al., 2020), we
will train our k-NN models based on 3D component maps, which rep-
resent dynamic brain functional networks, to detect disease-related
biomarkers. Recently, researches based on new technique, such as
innovation-driven co-activation patterns (iCAP) (Karahanoglu & Van
De Ville, 2015) and hidden Markov model (HMM) (Vidaurre
et al., 2017), revealed how resting-state neural activity were dynami-
cally assembled into functional components. The combination of such
information with machine learning could provide better insights on
the underlying neural circuits and further improve the performance of
suicide prediction.

In summary, we predicted the suicidal risk of bipolar depression
patients using fMRI voxel-wise dynamic ALFF signals and k-NN
machine learning algorithms. The proposed framework is promising as
it distinguished attempters from nonattempters with a remarkably
high accuracy of 83.52%. Bipolar suicide attempters exhibited exag-
gerated neural excitability dynamics in the discriminative regions
mainly involved in emotional and cognitive processes. Overall, our
results have the potential to improve the accuracy of suicide risk
assessment for early intervention and optimized clinical decisions. Our
findings could also serve as a basis for the identification of potential

biomarkers in the suicidogenic neuropathway.
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